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The use of chemical fertilizer has enhanced agricultural production that helped provide food to 
seven billion people worldwide. Particularly, the use of nitrogen (N) and phosphorus (P) 
fertilizers, which increased more than nine and four times, respectively, during the last five 
decades, played significant roles in improving soil fertility, crop health, and yield performance. 
However, the massive use of N and P fertilizer has led to severe environmental issues such as 
harmful algal bloom (HAB), decline in biodiversity, and contaminated drinking water which can 
lead to serious threats to public health and critical stress to the agroecosystem because of the 
high fertilizer loss. To mitigate the excessive nutrient loading in our water bodies, different land 
management schemes have been developed and implemented to reduce N and P NPS in the 
agroecosystem, but the effectiveness of these land management practices needs evaluation.  
Due to the complexity of the watershed response to natural and anthropogenic stressors like 
changing climate and changes in land management scenarios, a modeling framework that allows 
the conceptualization of physically based hydrologic and transport processes should be adopted 
to provide reliable predictions and better understanding of the systemic responses. This study 
was geared at understanding how agricultural nutrients NPS were impacted by natural and 
anthropogenic changes such as climate and land management practices, respectively. Modeling 
frameworks with field-level spatial resolution were developed to evaluate the effectiveness of 
NPS reduction practices when detailed and field-level specific land management practices were 
implemented under extreme climate projections. First, the impacts of different land management 
practices and climate on surface runoff linked N load at the field-level scale were evaluated. 
Second, different types of N NPS patterns in the Upper Sangamon River Basin (USRB), a highly 
cultivated watershed, under wet and dry future climate projections were compared when 
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implementing different land management practices at the field-level scale. Finally, the risks of 
HAB occurrence and the effectiveness of different land management practices in mitigating this 
risk under extreme climate projections were assessed. Our results showed that fertilizer 
application rate was the most critical factor in determining both the amount and the probability 
of high N load. If 50% less fertilizer was applied in a highly cultivated watershed focusing on 
growing corn and soybean, the nitrate concentrations were expected to remain lower than the 
United States Environmental Protection Agency (EPA) and World Health Organization (WHO) 
limit even under extreme climate projections. Other possible land management practices that 
could also reduce N concentration and load included the target application management 
approach, crop rotation using alfalfa, and cover cropping with winter wheat. Ammonia and 
nitrite transformed from nitrate fertilizer, however, were not expected to become an 
environmental concern in the USRB under climate projections. Furthermore, P was found to be 
the limiting nutrient despite an important P point-source in the USRB. In cases like this, land 
management practices focusing on P reduction should be adopted when HAB or GAB 
occurrences are a concern and N reduction practices should be applied to the USRB if 
downstream HAB or GAB occurrence risks were high.  
With the improved understanding of the relation between agricultural nutrients NPS and natural 
and anthropogenic stressors, more specific and effective land management practices targeting the 
reduction of agricultural nutrients NPS could be applied based on different climate and natural 
environment characteristics. Additionally, our projects also provided two modeling frameworks 
focusing on simulating the different agricultural nutrients NPS considering the field level 
processes. These frameworks can provide a better platform in evaluating the effectiveness of 
different land management practices in reducing agricultural nutrients NPS. Overall, my research 
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enabled other researchers and decision makers to assess environmental issues risks and compare 
the tradeoffs between the welfare of agro-ecosystems and economic benefits using models that 
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The use of chemical fertilizer has enhanced agricultural production that helped provide food to 
seven billion people worldwide. Particularly, the use of nitrogen (N) and phosphorus (P) 
fertilizers, which increased more than nine and four times, respectively, during the last five 
decades, played significant roles in improving soil fertility, crop health, and yield performance 
(Lu and Tian, 2017). However, the massive use of N fertilizer has led to severe environmental 
issues and critical stress to the agroecosystem due to the fact that over 25% of the total N applied 
is lost via leaching and surface runoff (Smil, 1999). Approximately 4 𝑥 1013 grams of N are 
being transported annually from farmlands to river bodies mainly through leaching and surface 
runoff. The high amount of N loss led to environmental issues including harmful algal bloom 
(HAB), decline in biodiversity, and contaminated drinking water which can lead to serious 
threats to public health (Nakaji et al., 2001; Oenema and Roest, 1998; Timmons et al., 1973). On 
the other hand, excessive P load in our water bodies can trigger the occurrence of HAB more 
likely than any other types of agricultural nutrients in fresh water systems (Carvalho et al., 2013) 
since P is generally the limiting factor for HAB. To control and reduce the negative effects from 
N and P loads in our water bodies, different environmental projects have been carried out 
globally. For example, both N and P nonpoint source (NPS) pollution were critical part of the 
ongoing national environmental project, “The Gulf Hypoxia Action Plan” (Mississippi 
River/Gulf of Mexico Watershed Nutrient Task Force, 2008). In this project, the U.S. 
Environmental Protection Agency (U.S. EPA) has targeted a 15% decrease in nitrate N load and 
25% in total phosphorus by 2025 as phase one milestones and a 45% decrease in both nitrate N 
and total phosphorus load in the Mississippi River basin as ultimate goal, which were also the 
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long-term reduction goal of upstream states contributing to the basin (e.g. Illinois Nutrient Loss 
Reduction Strategy) (Wilhite et al., 2015). 
To mitigate the excessive nutrient loading in our water bodies, different land management 
schemes have been developed and implemented to reduce N and P NPS in the agroecosystem. 
For example, the use of cover crops was reported to reduce leaching and surface runoff and 
consequently N and P NPS from agricultural field (Dinnes et al., 2002; Unger and Vigil, 1998). 
Crop rotation, which usually referred to corn-soybean two-year crop rotation practice in the 
North America Corn Belt, has a significantly positive effect on soil quality indicators including 
total organic carbon, bulk density, soil pH, total N, and extractable P and K (Dinnes et al., 2002). 
In addition, changing application timing from fall to spring and separating annual application 
into halves were proven to be potential positive land management practice to reduce N and P 
NPS (Dinnes et al., 2002). 
To evaluate the effectiveness of the land management practices, numerical models are being used 
to determine the expected spatial and temporal changes in N and P loads resulting from these 
practices. However, since most of the numerical environmental models currently available to 
simulate the fate and transport of N and P are lumped at the sub-basin level, they cannot provide 
information for field-level analysis where these practices are being implemented. The failure to 
consider these factors can lead to inappropriate agricultural nutrients NPS reduction practices to 
be implemented causing potential risk including decrease in yield, more NPS losses, or even 
decline in biodiversity of the agroecosystem. Furthermore, most of the conceptual models widely 
used in environmental simulations used parameters that do not have any physical meaning and 
can only be obtained through calibration. Using parameters that do not represent physical 
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properties or processes can lead to unrealistic representation of the system resulting in high 
levels of uncertainty.  
To address these gaps, a modeling framework with field-level spatial resolution was necessary to 
evaluate the effectiveness of NPS reduction practices if detailed and field-level specific land 
management practices were implemented. Furthermore, the numerical models should include a 
comprehensive simulation of water and nutrient movements to better understand the relationship 
between agricultural nutrients NPS and different land management practices under different 
climate projections. The overall goal of this research was to improve our understanding of how 
agricultural nutrients NPS were impacted by natural and anthropogenic changes such as climate 
and land management practices, respectively. To accomplish this goal, three specific objectives 
were developed into independent chapters as follows: 
Objective 1: 
Evaluate the impacts of the different land management practices and climate on surface runoff 
linked N load at the field-level scale. 
(a) Develop a framework using the integrated Pesticide Root Zone Model version 3 (PRZM) for 
the Willow Creek Watershed in central western Oklahoma to analyze changes in N load in 
surface runoff at a high spatial-temporal resolution under high greenhouse emission climate 
projections; 
(b) Determine the effects from the combination of factors that can lead to a long-term high N 
load including different crop rotation schemes, different fertilizer application schemes, and 




Compare the different types of N NPS patterns in a highly cultivated watershed under wet and 
dry future climate projections when implementing different land management practices at the 
field-level scale.  
(a) Develop a fully distributed physical-based hydrologic model, MIKE SHE, and a 
hydrodynamic river model, MIKE 11, coupled with ECO-Lab to simulate the fate and 
transport of different forms of N in the agro-ecosystem of the Upper Sangamon River Basin 
(USRB), a highly cultivated watershed in central Illinois; 
(b) Determine the nitrate, nitrite, and ammonia NPS temporal and spatial patterns under different 
climate projections and land management practices scenarios; 
(c) Assess the risks of exceeding the safe environmental limit for nitrate, nitrite, and ammonia 
NPS under different management practices and future climate projections.  
Objective 3: 
Assess the occurrence risk of HAB occurrence in a highly cultivated watershed and evaluate the 
effectiveness of different land management in mitigating this risk under future climate 
projections.  
(a) Develop an Eco-Lab model to simulate the fate and transport of phosphorus coupled with 
MIKE SHE and MIKE 11 models for the USRB; 
(b) Establish the HAB occurrence risk range by simulating N and P concentrations time series 
along the river under extreme climate projections;  
(c) Assess the effectiveness of reduced fertilizer application rates in reducing agricultural 




CHAPTER 1: FIELD SCALE NITROGEN LOAD IN SURFACE RUNOFF: IMPACTS 
OF MANAGEMENT PRACTICES AND CHANGING CLIMATE.1 
Introduction 
The Haber-Bosch process developed in the 20th century brought production of Nitrogen (N) 
fertilizer to industrial scales, boosting crop production but with the consequence of exacerbating 
N losses from agricultural landscapes. In fact, studies reported that the N fertilizer loss via 
surface runoff and leaching processes can account for up to 1/3 and 3/4 of the total N applied 
(Douglas Jr. et al., 1998) and can further increase during unusual rainfall events following 
fertilizer application. N losses decrease N fertilizer application efficiency (Turner, 2004) 
prompting increase in application rates to maintain crop productivity, which will consequently, 
increase the N load in our water bodies. High N load can also stem from a combination of 
numerous causes. Researchers found that higher fertilizer application amount, shallow 
application depth, and fewer application times would largely increase N load from cultivated 
landscapes (Douglas Jr. et al., 1998; Timmons et al., 1973). Topography is a significant factor 
that can lead to serious N load. Farmlands with slopes greater than 15 degrees are not suitable for 
agricultural activities due to high erosion rate and N load during rainfall events (Chen et al., 
2003). Land management practices that can prevent high N load are constantly being sought for 
mitigation and conservation purposes. For instance, researchers found that the total N load in 
rivers could be  reduced by decreasing the N application in the area near watershed outlets 
(Schilling and Wolter, 2009). 
 
1Hou, C., Chu, M. L., Guzman, J. A., Triana, J. S. A., Moriasi, D. N., & Steiner, J. L. (2019). Field scale nitrogen 
load in surface runoff: Impacts of management practices and changing climate. Journal of environmental 
management, 249, 109327. 
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Quantifying the impacts of different agricultural activities on N load requires continuous 
monitoring of surface runoff and N concentration over a long period to determine the spatio-
temporal responses of the system to these activities. In addition, to acquire a high spatial 
resolution dataset, numerous monitoring stations are needed to capture the variability of the 
different physio-chemical processes in the system. Nonetheless, assessing the impacts of these 
activities is challenging due to the difficulty of identifying the factors or combination of factors 
that result in high N load. The N that ends up in our water bodies is driven by a combination of 
different agricultural activities and soil properties under the influence of the prevailing weather. 
Due to the challenges in carrying out long-term field experiments to predict the impacts of 
prevalent agricultural activities and the variability of weather systems on N load, numerical 
models have been widely implemented. In particular, models quantifying the impacts of different 
land management practices on N load have been numerous in the last decades (Y. Wang et al., 
2018). For instance, the Soil Water Assessment Tool (SWAT) is a widely used model in 
evaluating the impacts of different land management practices on nutrients and sediments (Y. 
Wang et al., 2018). Like SWAT, the Agricultural Policy Environmental Extender (APEX) model 
also determines changes in water quality and quantity due to different agricultural activities that 
span from cropping to animal grazing (Tuppad et al., 2010; Williams et al., 2015). Similarly, the 
Model for N and Carbon (MONICA) predicts changes in N load from different land management 
practice and climate variations (Nendel et al., 2011). 
Although these models are able to generally predict the impacts of agricultural activities on N, 
some limitations hinder their effectiveness in assessing field scale spatio-temporal variation in N. 
SWAT and APEX, for example, both perform simulations on sub-basin or watershed levels 
(Schilling and Wolter, 2009; Tuppad et al., 2010). Since land management practices are typically 
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implemented at the local scale, the ability of these numerical models to assess changes in N at 
this scale is crucial. Furthermore, most model applications mainly focus on the growing seasons 
under average rainfall events without considering the uncertainties brought about by future 
climate (Schilling and Wolter, 2009). Since rainfall is the main driver of surface runoff that 
facilitates N losses to water bodies, assessing N load during rainfall events in a probabilistic 
manner is necessary.  
The main objective of this study was to evaluate the impacts of the different land management 
practices and climate on surface runoff linked N load at the field scale level. We developed a 
framework to analyze changes in N load in surface runoff at a high spatio-temporal resolution 
under high greenhouse emission climate projections.  
Specifically, we determined the combination of factors that can lead to a long-term high N load 
under different crop rotation schemes, different fertilizer application schemes, and projected 
climate scenarios. To accomplish these objectives, a high spatio-temporal modeling framework 
using the integrated Pesticide Root Zone Model version 3 (PRZM) (Suárez, 2005) was developed 
for the Willow Creek Watershed in central western Oklahoma to simulate changes in N load in 
surface runoff. By being able to identify the factors that lead to high N load losses at a field scale 
level under different climate projections, focused conservation and mitigation practices can be 
implemented to minimize the environmental impacts of agricultural activities. 
Materials and Methods 
Study Area 
The Willow Creek Watershed (WCW), with an area of 85.2 km2, is one of the sub-watersheds of 
the Fort Cobb Experimental Watershed (FCREW) (Figure 1.1b), which is part of the Central 
Great Plains Ecoregion located in central western Oklahoma (Figure 1.1a). With a yearly average 
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temperature of 16°C and an annual precipitation of 889 mm, the WCW has a growing season of 
over 200 days (University of Oklahoma, 2017). The warm and mild climate in WCW allows the 
growing of a variety of crops as well as pasture. Based on the U.S. Department of Agriculture 
(USDA) National Agricultural Statistics (NASS) (USDA, 2019) Cropland Data Layer from 
Natural Resources Conservation Service (NRCS), about 90 percent of the area in the watershed 
was used for agriculture from 2006 to 2015 (NRCS, 2017). The main agricultural crops in WCW 
that require fertilizer were Winter Wheat (31%), Cotton (5%) and other crops that include small 
percentages of Sorghum and Peanuts, while Pasture (38%) is used for animal grazing. As a 
result, N load from agricultural lands has become the main source of nonpoint source pollution in 
WCW. In addition, large amounts of cultivated land in this watershed has introduced other 
environmental problems including impaired water by fecal bacteria from animal grazing and 
excessive sediment load (Jamieson et al., 2003; Williams, 1975).  
The Pesticide Root Zone Model 
The PRZM was used to simulate the fate and transport of N in the WCW. PRZM is a one-
dimensional, dynamic, compartmental model for use in simulating chemical movement, 
transformation, and fate in the unsaturated soil systems within and immediately below the plant 
root zone (Suárez, 2005). The inputs of the PRZM included soil properties, land use, land 
management practices, and climate data while streamflow and N load were used to verify the 
performance of the model in simulating N fate and transport (Figure 1.1c). The outputs of the 
PRZM that were of interest in this study included surface runoff (cm day-1) and N load in surface 





Figure 1.1. (a) The FCREW in Oklahoma; (b) The WCW in FCREW; (c) Data layers used in PRZM, including climate data from five 
stations, land management data, soil layers data, and hydrology data. 
Spatial discretization and model parameterization 
Spatial discretization. The baseline model for the WCW was constructed from a structured grid 
with a 120 x 120 m cell size which lumped responses at each cell was estimated by a PRZM 
model for a total of 5,911 PRZM models. The time of concentration in WCW was estimated 
using the Soil Conservation Service (SCS) method to be 12.5 hours (USDA, 2010) . Since the 
time of concentration was less than one day, it was assumed that the flow and nutrient in all the 
cells will reach the outlet of the watershed at the end of each time step. Thus, the model outputs 
at the WCW outlet (i.e., streamflow and N load) were computed as the summation of the 5,911 
PRZM outputs. To represent the spatial variability of the climate, soil, and crop management, 
each PRZM model was individually parameterized with soil properties, land use, and 
management operations derived from soil databases (e.g. SSURGO), and climate and crop 
management scenarios. The baseline model was then set-up using the historic climate, land use, 
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and management data to simulate the daily streamflow and N load from 2006 to 2015. Projected 
models were simulated for the period 2020 to 2070, and simulations were performed considering 
a 100-cm soil profile divided into 6 layers of 5-, 15-, and four 20-cm thickness from top to 
bottom. 
Soil Data and land use. The soil data used in this study was collected and processed from the 
Soil Survey Geographic Database (USDA, 2017). A variety of soil data used in the model 
included bulk density (g cm-3), field capacity (cm3 cm-3), wilting point water content (cm3*cm-3), 
and organic carbon content (cm3 cm-3). The annual land use maps from 2005 to 2015 were 
collected from the USDA-NASS Cropland Data Layer (USDA, 2019). Winter wheat and pasture 
were the most predominant crops in WCW. All the maps came in raster format with 30 x 30 m 
resolution which were then processed to a 120-m pixel resolution by taking the average soil 
properties in the 30-m cells comprising a 120-m cell.   
Managing practices and fertilize application. For each agricultural land management practice, 
the planting date, harvest date, crop emergence date, and maturation date were included in the 
simulations to represent the growth cycle of crops.  The land management data includes the time 
for cropping operations in the watershed such as the dates of planting, fertilizer application, 
emergence, maturation, and harvest. The timings for crop operations were adopted from the 
Agriculture Handbook No. 628 Usual Planting and Harvesting Dates for U.S. Field Crops 
(USDA, 1997). It should be noted however, that these dates were generated based on collected 
information from farmers in every state. They did not include the consideration of actual weather 
and field workability conditions. The fertilizer application data of the major crops in the land use 
map from National Land Cover Database (NLCD) (USGS, 2019a) was referenced from the 
Oklahoma Soil Fertility Handbook (Zhang and Raun, 2006), National Range and Pasture 
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Handbook (NRCS, 2003), and Oklahoma Forage and Pasture Fertility Guide (Arnall et al., 
2011). The PRZM used these dates to estimate crop dynamics such as height, root depth, and 
canopy leaf area at each growing season. The fertilizer application inputs in PRZM requires the 
time, amount, and application method. To conceptualize the agricultural activities of the baseline 
scenario in PRZM, the following assumptions were made: 
(1) Fertilizer was applied twice a year in both spring and fall in the baseline model; 
(2) The N fixing crop decreases the amount of N fertilizer application for the other crop by 20 
kg ha-1 in that year for double crops in one year (NRCS, 2003; Olson and Kurtz, 1982); 
(3) For all the crops in the region, the planting day in the simulation is the middle day of the 
most active planting period and the harvest day in the simulation is the middle day of the 
most active harvest period (USDA, 1997).   
Climate. The climate data used from 2006 to 2015 included daily rainfall time series, monthly 
average solar radiation, and monthly average temperature time series from five stations (Figure 
1.1c). The daily rainfall time series was obtained from the USDA- Agricultural Research Service 
(ARS) Micronet Network for the five stations (Figure 1.1c) (Guzman et al., 2014; Starks et al., 
2014). The monthly average solar fluxes were collected from the U.S. Solar Radiation Resource 
Map and daily maximum and minimum temperature time series were downloaded from National 
Centers for Environmental Information of National Oceanic and Atmospheric Administration 
(NOAA). 
Streamflow and Nitrogen concentration. Daily streamflow and N load were needed to calibrate 
the historic baseline model. Daily streamflow was collected from the U.S. Geological Survey 
(USGS) National Water Information System database at the station of Willow Creek near Albert 
in Oklahoma (USGS 07325860) (Figure 1.1c) from 2006 to 2015. Total N in stream (g day-1) 
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was also available from the same source at irregular intervals from 2006 to 2012 (Moriasi et al., 
2014).    
Model calibration 
Streamflow calibration. The simulated daily surface runoff was calibrated to the observed daily 
surface runoff. Among the PRZM parameters that were used in the calibration were the curve 
numbers, minimum depth of which evaporation is extracted, pan factor, and snowmelt factor. 
These parameters were adjusted to satisfy the following objective functions: (1) the cumulative 
simulated surface runoff matched the cumulative observed surface runoff from 2006 to 2015; 
and (2) the peaks in the simulated time series appeared when high surface runoff values in the 
observed time series were within a two-day interval. PRZM’s performance in simulating the 
surface runoff was evaluated using the Mean Absolute Error (MAE), Percent Bias (PBIAS), 
Ratio of Standard Deviations (RSD), and Modified Index of Agreement (MD). The MAE and 
PBIAS measure the errors in the measured and simulated time series and water balance, 
respectively. The RSD evaluates the agreement in the distributions of the measured and 
simulated variables while MD is an overall “goodness of fit” indicator with 1 representing a 
perfect fit (Legates and McCabe, 1999). 
Baseflow separation. PRZM lacks the fundamental hydrologic processes linked to the baseflow 
and is limited to surface runoff estimations. Therefore, it was necessary to separate the baseflow 
component from the measured flow to allow the comparison between measured and simulated 
flow and load. Baseflow separation was based on a digital filter using two-parameter Boughton 
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𝑄𝑏(𝑛) is the base flow of day n (m
3 s-1); 𝑄𝑏(𝑛 − 1) is the base flow of day n-1 (m
3 s-1); 𝑄(𝑛) is 
the flow of day n (m3 s-1); 𝑘 and 𝐶 are the parameters of the equation. 
N load calibration. The simulated daily N load was calibrated to the sampled total N load in the 
stream by adjusting N application rate, application efficiency, and spray drift. It should be noted 
that fertilizer application is not regulated in the United States and hence, no detailed monitored 
data of application rates was available. The application rates, were therefore, calibrated in this 
study with reference to the recommended amount suggested by agricultural handbooks. Since the 
observed N were only available at limited intervals during the 2006-2015 period, calibrating for 
N was performed to satisfy the following objective functions: (1) the simulated time series was in 
the same magnitude as the sampled total N load; and (2) peaks in the simulated time series 
appeared when high sampled load values were nearby. The simulated and observed N load were 
compared visually. 
Scenario-based changes in WCW 
Scenario-based changes that included land use changes, land management practices, and climate 
change were implemented in WCW to determine the combination of factors that can result in 
critical N load. The responses of WCW to these changes where compared with the outputs from 
the calibrated baseline model. Four different management factors were considered in this 




Crop rotation scenarios. The projected land use scenarios (2020 to 2070) were generated based 
on the land use maps from 2006 to 2015. Three different scenarios were considered with 
different percentages of two-year alfalfa crop rotation with the original crop. Alfalfa was chosen 
as the crop rotation plant every two years because it can improve the soil drainage situation and 
fix N during its growth due to its deep roots (PSA, 2017). In addition, alfalfa was regularly 
grown in this WCW based on the land use map from NLCD. To generate the land use practices 
scenarios, the land use was re-classified into three categories based on their historic land use 
from 2006 to 2015, and then the land management scenarios with different alfalfa crop rotation 
percentages were generated. Land use corresponding to open water and non-cultivated areas 
were left unchanged. For the baseline, the agricultural area was divided into two groups for each 
scenario. In the first group, a percent of cultivated area were set to allow crop rotation while the 
area corresponding to the second group remained unchanged. Percent of area splitting the two 
groups were set at 30 and 60% in a randomized approach and were changed every two years to 
simulate crop rotation where alfalfa would be cultivated instead of the original crop.  
N application rate scenarios. The N application rate was simulated using three scenarios. In the 
first scenario (A0), we used the calibrated values obtained from the baseline model. In the 
second scenario the recommended application rates (A1) referenced by the Oklahoma Forage 
and Pasture Fertility Guide were used, while in the third scenario (A2), these recommended rates 
were doubled (Arnall et al., 2011). When crop rotation is implemented, no fertilizer is applied to 
alfalfa. 
N application timing scenarios. N application timing scenarios were generated based on the 
number of applications of N fertilizer per year. In the baseline model, N fertilizer was applied 
twice a year (T0), before planting and after harvesting. A one-time application scheme, during 
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spring (TS), was adopted to determine the impacts of application timing on N load to decrease 
the N load during winter. In the one-time application scenario, the fertilizer application occurred 
in the middle of planting regardless of the projected weather conditions. 
Projected climate. The climate data used from 2020 to 2070 included daily rainfall time series 
and daily average temperature time series while monthly average solar radiation was set to match 
the period from 2006 to 2015. The daily rainfall and temperature time series were obtained from 
the Coupled Model Intercomparison Project Phase 5 (CMIP5) multi-model dataset referenced in 
the Intergovernmental Panel on Climate Change Fifth Assessment Report (World Climate 
Research Programme, 2017). Data was downloaded from the Localized Constructed Analogs 
(LOCA) CMIP5 projections using the Representative Concentration Pathway 8.5 (RCP8.5) 
which represented the most serious global warming situation (Pierce et al., 2014). The LOCA-
CMIP5 RCP8.5 ensemble is composed of 32 global circulation models from different global 
climate modeling groups. 
Scenario combinations. Combinations of different land cover scenarios (Table 1.2) were 
simulated using the projected climate from 32 global circulation models under the LOCA 
ensemble. Twelve (12) land management scenarios were considered in which each model was 
simulated using 32 climate projections (from 2020 to 2070) for a total of 384 scenarios, each 
with 5,911 independent PRZM model runs. The changes in the seasonal and annual N load were 
evaluated across the watershed and in every cell to identify the combination of factors that can 
result in a critical N load. Note that the combinations of different land management schemes can 
result in unexpected response from the system. For instance, increasing the percentage of crop 
rotation can perhaps compensate for an increase in application rate. The scenarios were named 
according to the percentage of crop rotation (e.g., CR00, CR30, and CR60), application timing 
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(e.g., T0 and TS), and application amount (e.g., A0, A1, A2). For instance, CR00T0A1 
represents a scenario with no crop rotation, fertilizer application occurring in spring and fall, and 
recommended amount of N fertilizer applied.  
Table 1.1. Land management practices scenarios and notation used across the model simulations. CR = crop rotation (30% or 60%); T = 
application timing (spring or split between spring and fall); A = fertilizer application rate 





1 CR00T0A0 0 Spring/Fall Baseline value 
2 CR30T0A0 30 Spring/Fall Baseline value 
3 CR60T0A0 60 Spring/Fall Baseline value 
4 CR00TSA0 0 Spring Baseline value 
5 CR30T0A1 30 Spring/Fall Recommended amount 
6 CR60T0A2 60 Spring/Fall Twice recommended amount 
7 CR30TSA0 30 Spring Baseline value 
8 CR30TSA1 30 Spring Recommended amount 
9 CR30TSA2 30 Spring Twice recommended amount 
10 CR60TSA0 60 Spring Baseline value 
11 CR60TSA1 60 Spring Recommended amount 
12 CR60TSA2 60 Spring Twice recommended amount 
 
 
Monthly N load analysis under different climate projections. To further analyze changes in N 
load under different climate projections from 2020 to 2070, monthly model outputs were used to 
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compute the probability of occurrence of N load, and were then classified in three categories: 
high, moderate, and low for each land management scenario. Probability categorization were 
defined as: (1) High: probability corresponding to the population of N load larger than or equal to 
the historic monthly baseline third quartile; (2) Moderate: probability corresponding to the 
population of N load larger than or equal to the historic monthly baseline first quartile and less 
than the third quartile set to represent 50% of the N load population ; (3) Low: probability 
corresponding of the population of N load less than the historic monthly baseline first quartile. 




                                                               (Eq.1.2) 
where 𝑀𝑐 is the number of months with N load in the category; 𝑀𝑇 is the total number of N load 
in the same month per climate projection equal to 50. A ternary plot was then constructed to 
show the changes in the N load probability under different climate projections on monthly basis 
per land management scenario.  
Region-based analysis. Aside from agricultural practices, the fate of surface N also depends on 
the combination of factors including soil surface properties, land use, and climate. An analysis to 
identify cells that are “vulnerable” to high N load was performed. The cells that frequently 
generated the highest N load during heavy rainfall days from 2020 to 2070 were selected by the 
following methods: 
(1) For every climate projection, the top 1% of the total simulation period with the highest 
rainfall, with threshold values ranging from  25 to 33 mm/day, was selected as the days with 
extreme rainfall events;  
(2) Within the days with extreme rainfall events, all the cells were sorted based on their N load 
and the top 2.5% of the cells were selected as the most vulnerable cells under this climate 
18 
 
projection. As 24% of the world useable land has been degraded, 2.5% is selected 
representing the 10% most seriously degraded soil in the degraded soil (ELD, 2014); 
(3) The frequency in which the most vulnerable cell appeared in each climate projection was 
computed using the baseline simulation. This frequency represents the ability of the cell to 
generate N via surface runoff and was referred to in this study as the Nitrogen Load Index 
(NLI). The cells with higher NLI tended to appear more frequently in the most vulnerable 
cells lists under different climate projections which suggested higher probability to generate 
more N load during heavy rainfall events. 
To identify the factors and features that lead to higher NLI, a generalized linear model with 
Poisson regression was generated using the soil physical properties that are readily measurable in 
the field and the applied N fertilizer amount as independent variables and NLI as dependent 
variable. The Potential N Load Index (PNLI) of each cell in WCW was then calculated to 
evaluate the ability of generating N during extreme rainfall events as follows:  
 
𝑃𝑁𝐿𝐼 = 𝛼(𝐵𝐷) + 𝛽(𝑂𝑀) + 𝛾(𝐹𝐶) + 𝛿(𝑊𝑃𝐶)                       (Eq. 1.3) 
 
where: 
𝑃𝑁𝐿𝐼 is the Potential Nitrogen Load Index of the region (dimensionless), 𝐵𝐷 is the bulk density 
of the soil surface layer (g/cm3), 𝑂𝑀 is the organic matter mass percentage in the soil surface 
layer (%), 𝐹𝐶 is the volumetric field water capacity of the soil surface layer (%), 𝑊𝑃𝐶 is the 
volumetric wilting point water capacity of the soil surface layer (%), and α, β, γ, and δ are the 
regression parameters. Cells with larger PNLI tended to generate more N load via surface runoff 
19 
 
during days with heavy rainfall while cells with smaller PNLI tended to keep more N from being 
washed away by heavy rainfall.  
Results and Discussion 
Model calibration 
The performance of PRZM to simulate the responds of WCW was evaluated by comparing the 
simulated and observed streamflow and N load. The model was calibrated by changing the 
surface runoff and N parameters where the streamflow calibration preceded the N load 
calibration. 
The simulated and measured cumulative flow at the end of the simulation period (2006-2016) 
was 188 and 189 cm, respectively (Figure 1.2a). The modeling framework was able to represent 
the general behavior of streamflow observations with MAE of 0.06 and PBIAS of -0.60% and 
thus, it was assumed that it also represented the water circulation in this watershed. Note that 
there were no additional observations from other hydrological subsystems (e.g., groundwater, 
near surface) to validate the modeling framework. The RSD between the observed and simulated 
time series was 0.71 indicating a good match between the distributions of the two time series. 
Overall, the agreement between the simulated and observed surface runoff was reasonable (MD 
= 0.63).   
The daily observed and simulated total N load both fell in the same order of magnitude (Figure 
1.2b) which was one of the objective functions that we originally aimed for. The simulated and 
measured peaks were also observed to occur not more than 1 day apart. Since the observed N 
was not a continuous time series but grab samples instead, the one-to-one comparison of the 
observed and simulated time series was not possible. Also, the discrepancies brought about by 
incorporating the baseflow, which was estimated using the Boughton algorithm, in computing 
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the simulated total N load added another layer of uncertainty to the calibration process. The fact 
that PRZM only computes surface processes while measured variables include the contribution 
of both the surface and the baseflow (streamflow and N concentration) prevented the 
computation of proper metrics to quantify the model performance. Hence, the goodness-of-fit of 
the model was based on visual evaluation and an objective function that the simulated and 
observed N load should fall within the same order of magnitude.    
 
Figure 1.2. (a) Daily simulated and observed cumulative surface runoff; (b) Comparison between simulated N load and measured N from 
grab samples (i.e., instantaneous measurements of N taken at specific times). 
Scenario-based simulations 
Different combinations of land management scenarios were simulated to assess their 
corresponding impacts on N load under 32 climate projections from 2020 to 2070 (Figure 1.3, 
1.4, 1.5). The probabilities of high, moderate, and low N load of the different scenario 
combinations were plotted in a ternary plot along with the historic baseline scenario for 
probability analysis (Figure 1.3, 1.4, 1.5).   
Historic baseline in ternary plots. As the load used to determine the high and low N load were 
the top 25% and 75% of the historic values, respectively, the historic baseline points of all the 12 
months are located at the point (Phigh, Pmid, Plow) = (0.25, 0.5, 0.25) in the ternary plot. The 
unchanged location of the historic baseline points, indicated by a black square (e.g. Figure 1.3), 
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provided a visual analysis of expected changes in the occurrence of N load compared to the 
baseline under future scenarios. In the plot, the land management scenarios with more points in 
the upper vertex were expected to generate less high N load events compared to those in the 
lower left vertex. Therefore, the upper tip of the ternary graph, where Phigh = 0 and Plow = 1, is the 
most sought-after condition. The plots can also be used to analyze the monthly N load behavior 
between different months.     
Effects of projected climate 
The projected annual mean rainfall from 2020 to 2070 is expected to increase on average by 
approximately 17% compared to the baseline rainfall from 2006 to 2015. Yet, the annual mean N 
load of scenario CR00T0A0, which was the projection of the historic baseline from 2020 to 
2070, remained the same as the historic baseline from 2006 to 2015. Furthermore, the peak 
monthly N load was observed to occur one month earlier in the projected scenario compared to 
the baseline which can be due to the shift in the rainfall peak from June in the historic to May in 
the projected climate. However, the maximum monthly N load increased by approximately 43% 
compared to the historic baseline mean and this percentage rose to 1000% in January, which 
suggested that the monthly N load can reach a very high level under some climate projections.  
The probability analysis showed that significant changes in monthly N load probability 
distribution may take place from 2020 to 2070 (Figure 1.3a). The ternary plot for the projected 
baseline scenario, CR00T0A0 (Figure 1.3a) showed that high monthly load from March to May 
and from November to February were expected to happen more frequently compared to the 
historic baseline (Phigh > 0.25). In fact, the occurrence of high N load was expected to be more 
than 75% for these months from 2020 to 2070. Meanwhile, the frequency of high monthly N load 
from June to October were expected to decrease from 2020 to 2070. The possible reasons for 
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these changes in the probability distribution of the monthly load from 2020 to 2070 included: (1) 
The peak rainfall shift from June to May in the future climate projections was expected to 
generate more surface runoff in May; (2) Climate changes resulted in generating more and 
heavier rainfall events which increased the frequency of high N load months in the future; and 
(3) The plants were expected to have more canopy past June resulting in more interception and 
less surface runoff.     
Land management scenarios 
Among the 12 land management scenarios simulated in this research, four of them were intended 
to reduce N load. These were 30% and 60% crop rotation combined with single fertilizer 
application or double fertilizer applications (Figure 1.4b to 1.4e). Another four scenarios (Figure 
1.5b to 1.5e) were intended to analyze the tradeoffs between higher economic benefits and 
environmental welfare. These scenarios combined 30% and 60% crop rotation with increased 
application rates to determine if the effects of crop rotation can offset the impacts of increased N 
concentration from fertilizer.   
Single application: The impacts of the application timing were evaluated using scenarios 
CR00T0A0 and CR00TSA0 through the monthly mean N load and the probability distribution 
among high, moderate, and low-level N load. Based on the results, the annual N load increased 
by 4% when the land management practice changed from spring-fall application (T0) to spring 
application (TS). Specifically, the monthly N load increased in May, June, July, and August 
(Figure 1.3c) in response to a full fertilizer application rate as opposed to a split load in spring-
fall application. However, the probability analysis showed that the occurrence of high N load 
events (Phigh) has decreased apart from May, June, and July, although Phigh for June and July is 
still below the historic baseline. Results suggested that spring application was capable of 
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decreasing N load in most of the year at the cost of larger probability of high N load occurrences 
from May to July. However, research also showed that spring-fall application practice was 
expected to be more efficient since smaller amounts are timed to match major crop uptake 
periods (Edwards et al., 2006; Sowers et al., 1994).  
 
Figure 1.3. Monthly N load probability distribution ternary plots of the scenarios with (a) spring-fall applications and (b) spring 
applications, and (c) monthly mean N load from 2020 to 2070. 
Crop rotation in split application: The impacts of crop rotation were evaluated using scenarios 
with different percentages of crop rotation cover (alfalfa) combined with spring-fall fertilizer 
application (T0). Scenarios CR30T0A0 and CR60T0A0 are examples of crop rotation variation 
in the watershed with fertilizer application in spring and fall. Overall, increasing the area where 
crop rotation was implemented in the watershed decreased N load since less N was applied on the 
soil compared with the scenario CR00T0A0 during the simulation period (Figure 1.4f). 
However, no notable differences were observed in the probability of occurrence of high N load 
(Phigh) with these scenarios (Figure 1.4b and 1.4c) compared with the CR00T0A0 scenario 
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(Figure 1.4a) for months with high Phigh (Phigh > 75%). Additionally, unexpected increase in the 
monthly mean N load in August and October was observed in these scenarios compared with the 
CR00T0A0 from 2020 to 2070. This increase in N load in surface runoff was associated with the 
low canopy interception depth of alfalfa which was usually harvested every 35-49 days leaving 
the soil with less cover. Smaller canopy interception of rainfall was expected to generate higher 
surface runoff because PRZM simulated precipitation reaching the soil surface by subtracting 
plant interception first from the total precipitation. Smaller interception would result in more 
precipitation available for surface runoff. As curve number remained the same in the simulation, 
more precipitation reaching the soil surface would result in more surface runoff. In summary, 
increasing the coverage of crop rotation practice was expected to lower the N load but at the cost 
of increasing the occurrence of high N load events (Phigh) in August and October.    
Crop rotation and single application: The combined impacts of crop rotation and single 
application land management practice were evaluated using different percentages of crop 
rotation cover with annual spring application. Scenarios CR30TSA0 and CR60TSA0 are 
examples of crop rotation variation under single application in the watershed. Overall, the annual 
mean N load remained the same as that in CR00T0A0 during the simulation period. However, a 
significant increase in April and May N load was observed while the rest of the months posed 
decreases in N load (Figure 1.4f). This increase in April and May was because the N fertilizer 
application in spring doubled resulting in high N concentration in the soil surface in the months 
of April and May. After two months of plants absorption, leaching, and surface runoff, the N 
concentration in the soil surface was expected to drop which decreased the N load from surface 
runoff in the rest of the year. However, the probability analysis showed greater potential of 
single application in reducing the occurrence of high N load events (Phigh < 0.75). In fact, only 
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four climate projections in June and 2 projections in January were expected to generate high N 
load more frequently than historic baseline by implementing 30% area of crop rotation (Figure 
1.4d and 1.4e). If 60% of the area is converted to crop rotation, Phigh of all the months besides 
April and May reduced to around 10% which meant that the probabilities of high N monthly load 
dropped to half of the baseline (Figure 1.4d and 1.4e). These results suggested that the N high 
monthly load appeared much less frequently from June to March by applying both single 
application and crop rotation practice.  
 
 
Figure 1.4. Monthly N load probability distribution ternary plots of the scenarios with different areas of crop rotation and (a, b, and c) 
spring and (d and e) spring-fall application under the baseline fertilizer application rate, and (f) their monthly mean N load from 2020 to 
2070. 
Increase in application rates. The monthly N load in surface runoff of scenarios CR30T0A1 and 
CR60T0A2 were compared with the scenario CR00T0A0 to determine if larger crop rotation 
area could reduce the N load even when the application rate was increased. The calibrated 
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application rates (A0) for different crops in the baseline model are shown in Figure 1.2 together 
with the rates recommended (A1) by the Oklahoma Forage and Pasture Fertility Guide (Arnall et 
al., 2011). Scenario CR30T0A1 combined the effects of 30% crop rotation and the recommended 
amount of fertilizer while CR60T0A2 determines the tradeoffs between increasing the fertilizer 
amount to twice the recommended and implementing higher crop rotation coverage. In both 
scenarios, the fertilizer was applied in fall and spring. Based on the results, a notable increase in 
the mean N load was observed in scenarios CR60T0A2 and CR30T0A1 compared with the 
baseline scenario. Furthermore, comparison of the monthly peak values indicated that the 
expected monthly peak load could increase to up to 680% of baseline in CR60T0A2 and 320% in 
CR30T0A1 (Figure 1.5f). Also, the frequency of occurrence of high N load events increased 
when the application rate increased regardless of the increase in crop rotation coverage. 
Comparison between the ternary plots of these scenarios and CR00T0A0 (Figure 1.5a to 1.5c) 
showed that the dots started moving towards the left vertex of the triangle when the application 
rate was increased.        
The impacts of spring application, increased application rate, and crop rotation were determined 
in scenarios CR30TSA1 and CR60TSA2 (Figure 1.5d and 1.5e). Overall, the crop rotation and 
spring application were not expected to offset the negative environmental effects from the 
doubled N fertilizer application rate. The increase in N load was more than 800% from May to 
August which meant that the average N load level was expected to be kept at high level during 
summer (Figure 1.5f). However, crop rotation combined with spring application was expected to 
keep the N load the same as the historic baseline when the recommended rate of N fertilizer was 
applied during most of the year. Based on Figure 1.4d, the occurrence of high monthly N load 
was kept at the same level as historic in all the months expect April and May. In summary, our 
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results revealed that increasing crop rotation area combined with spring application was expected 
to cancel the negative effects of N fertilizer at recommended application rate. However, neither 
crop rotation nor spring-application was expected to lower the N load to the historic level.  
Table 1.2. Calibrated and recommended N fertilizer application rates. 








Corn 101 51 
Cotton 68 34 
Sorghum 68 34 
Winter Wheat 101 51 
Peanuts 336 168 
Rye 68 34 
Oats 101 51 






Figure 1.5. Monthly N load probability distribution ternary plots of the scenarios combining different areas of crop rotation with (a, b, 
and c) spring-fall or (d and e) spring application under the recommended or double the recommended amount of N fertilizer applied, 
and (f) their monthly mean N load from 2020 to 2070. 
Region-based analysis 
The Nitrogen Load Index (NLI) of every agricultural region was generated to determine the 
general behavior of the region in generating N load during a storm event. Based on the 
generalized linear model with Poisson distribution, we found that a soil surface with higher bulk 
density, organic matter, and field water capacity was expected to lose less N load during heavy 
rainfall events. On the other hand, a soil surface with higher wilting point water capacity and 
higher application N rate was expected to generate more N load during heavy rainfall events.  
To eliminate the effects of different N application rates on NLI, the PNLI of every agricultural 
region in WCW watershed was calculated to evaluate the ability of losing N during extreme 
rainfall events based on the regression model of NLI. After fitting a Poisson distribution to the 
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data, the regression parameters α, β, γ, and δ were found to be -47, -0.464, -3.37, and 4.18, 
respectively, with p << 0.01. The resulting equation for PNLI was: 
𝑃𝑁𝐿𝐼 = −47 ∗ 𝐵𝐷 − 0.464 ∗ 𝑂𝑀 − 3.37 ∗ 𝐹𝐶 + 4.18 ∗ 𝑊𝑃𝐶               (Eq. 1.4) 
Customized land management  
The N load from the watershed during days with heavy rainfall was expected to decrease if we 
re-assign the land uses based on their PNLI (Figure 1.6b). To reduce the N load without applying 
less N in the field, the agricultural cells in baseline land use from 2020 to 2070 were assigned 
new land use scenarios to specifically target what the cells require to lower the N load. Since the 
application rate was found to be the dominant factor that controls the N load, the land use 
scenarios with higher mean annual N fertilizer application rate were assigned to the cells with 
lower PNLIs. The new scenario was then simulated under 32 climates from 2020 to 2070 to 
determine the effects of the redistribution of land use.  
By applying the N fertilizer based on the PNLI of the soil cells, the monthly N maximum value 
decreased by 13.4% and the annually mean N load decreased by 6.1% (Figure 1.6b). In addition, 
the most critical month also changed from September to May. As discussed above, lower and 
earlier N load peaks were expected to cause less environmental problems to the watershed 
ecosystems due to the lower water temperature. In addition, the occurrence of months with high 
N load and moderate N load also decreased from May to October which indicated that the target 
application management was expected to improve the N load behavior (Figure 1.6a). However, 
as only the N load in surface runoff was considered in changing land management practices, the 
effects of target application management on the economic benefits were unclear. It was assumed 
that increasing the application rate can increase the productivity of the system. 
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Customized field scale land management practices can be implemented following the 
methodology illustrated in this study. Identifying areas that are most vulnerable to surface runoff 
and N loss and targeting specific practices to mitigate this can result in a more sustainable 
farming system where productivity and environmental soundness are optimized. Due to the 
spatial variability of factors affecting transport processes, this approach is expected to result in a 
more efficient use of resources than when land management is implemented across an entire 
area.   
 
 
Figure 1.6. Monthly N load probability distribution ternary plots of (a) the projected baseline and (b) the target application management 
scenarios, and (c) monthly mean N load from 2020 to 2070. 
Conclusions 
This study evaluated the effects of different land management practices on N load in surface 
runoff under future climate projections at the filed scale level. The combinations of land 
management practices were also evaluated to determine those that can increase productivity with 
31 
 
minimal negative impacts on the environment. Moreover, this study developed a methodology to 
identify areas most vulnerable to generate N load in surface runoff and to target specific 
management to these areas. Based on our results, crop rotation practices lowered both the N load 
and the probability of high N load. Furthermore, when fertilizer is applied during spring instead 
of the split spring-fall application, crop rotation can cancel the negative effects of increasing the 
fertilizer rate to the recommended amount. Spring application reduced the negative effects in 
summer and fall from other land managements but at the risk of increased probability of 
generating high N load in April and May. Our results also confirmed that fertilizer application 
rate was the most critical factor in determining both the amount and the probability of high N 
load. To address this issue, the target application management approach could be implemented at 
the field scale to customize land management practices to reduce the amount and probability of 




CHAPTER 2: MODELING FIELD SCALE NITROGEN NON-POINT SOURCE 
POLLUTION (NPS) FATE AND TRANSPORT: INFLUENCES FROM LAND 
MANAGEMENT PRACTICES AND CLIMATE2 
Introduction 
The use of nitrogen fertilizer marked the start of modern agriculture that boosted food production 
to help alleviate food shortages across the globe. It is suffice to say that the modern society was 
built on the solid base of agricultural production in which the 850% increase in global N 
fertilizer use during the last five decades (Lu and Tian, 2017) played a critical role. However, the 
massive use of N fertilizer has also brought severe environmental issues and critical stress to the 
agroecosystem due to the fact that over 25% of the total N applied was lost via leaching and 
surface runoff (Smil, 1999). The N transported from farmlands, about 4 𝑥 1013 g N annually, led 
to high N load in most of the rivers across the globe. Different environmental problems such as 
harmful algal bloom (HAB), decline in biodiversity, and unpleasant smell, were all related to 
excessive load of different types of N, including nitrate, nitrite, ammonia, and other types of 
organic N, in water bodies (Nakaji et al., 2001; Oenema and Roest, 1998; Timmons et al., 1973). 
To address these concerns, different mitigation strategies are being implemented globally. For 
example, N nonpoint source pollution was a critical part of the ongoing national environmental 
project, “The Gulf Hypoxia Action Plan” (Mississippi River/Gulf of Mexico Watershed Nutrient 
Task Force, 2008). In this project, the U.S. Environmental Protection Agency (EPA) has targeted 
a 45% decrease in nitrate N load in the Mississippi River basin which was also the long-term 
reduction goal of upstream states contributing to the basin (e.g. Illinois Nutrient Loss Reduction 
 
2 Hou, C., Chu, M. L., Botero-Acosta, A., & Guzman, J. A. (2021). Modeling field scale nitrogen non-point source 
pollution (NPS) fate and transport: Influences from land management practices and climate. Science of The Total 
Environment, 759, 143502. 
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Strategy) (Wilhite et al., 2015). The EPA also imposed  regulatory limits for maximum 
contaminant level (MCL) of nitrate for drinking water to be 10 mg/L or 10 ppm (EPA, 2018). 
Nitrate N is the major nonpoint source (NSP) pollutant that can result in environmental problems 
such as HAB (Paerl, 1997) and contaminated drinking water which can lead to serious public 
health threats (Savino et al., 2002).  Nitrate, which is relatively stable in the agroecosystem, can 
transform into other types of N NPS such as nitrite and ammonia that can cause other serious 
environmental problems such as fish kills and odorous water. Under some extreme anaerobic 
conditions, nitrate can be transformed into nitrite, which is toxic even at low concentration and 
can cause large scale of fish kill in the river. After nitrite is generated from nitrate, it can either 
decay into dinitrogen or transformed into ammonia N via denitrification. Ammonia N is 
considered safe to humans at low concentration but can still threaten the overall quality of water 
for domestic use. For instance, concentration of 1.5 mg/L of ammonia can be recognized by odor 
and at 35 mg/L by taste which aggravates the quality of drinking water (WHO, 2003). Moreover, 
ammonia N can also trigger algae bloom near the pollution sources (Domingues et al., 2011). 
Suffice it to say, different forms of N pollutants can result in different environmental problems 
and should be taken into consideration in the management practices aimed at addressing NPS 
pollution. Failure to do so might cause the inability to detect the possible environmental 
problems caused by the other forms of N. For example, a research by Kelso et al., (1997) found 
that nitrite could be accumulated via nitrate reduction under anaerobic conditions in the Northern 
Ireland rivers leading to low dissolved oxygen (DO) in water and high possibility of algal bloom 
(Kelso et al., 1997). Nitrous oxide (N2O), which can be generated via denitrification process 
from nitrate in the rivers in both urban and suburban area, has proven to be one type of the 
greenhouse gases and harmful to the ozone (Beaulieu et al., 2011). As a result, agricultural land 
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management practices should be evaluated not only on their ability in reducing N load but also 
by better understanding the changes within N cycle transformations. 
To address these problems, land management practices that are specific to tackle the different N 
components should be implemented. This, however, requires a thorough understanding of the N 
transformation and dynamics within the agro-ecosystem. The objective of this research was to 
better understand the different types of N NPS behavior in a highly cultivated watershed under 
wet and dry future climate projections when implementing different land management practices. 
Particularly, this paper was aimed at determining the fate and transport of nitrate, nitrite, and 
ammonia under future climate projections by adapting the recommended land management 
practices that are supposed to reduce nitrate N in surface water to state government target. In 
addition, the nitrate N concentrations in unsaturated zone and saturated zone were also analyzed 
to understand the possible impacts on crop growth and groundwater quality. To accomplish these 
objectives, a fully-distributed physical-based hydrologic model, MIKE SHE, and a 
hydrodynamic river model, MIKE 11, were coupled with ECO-Lab to simulate the fate and 
transport of different forms of N in the agro-ecosystem in the Upper Sangamon River Basin 
(USRB), a highly cultivated watershed in central Illinois.  
Methods 
Study Area 
The USRB (Figure 2.1) was used to develop the MIKE SHE and MIKE 11 models combined 
with ECO-lab to simulate the fate and transport of the different components of N across the 
watershed. Located in central Illinois and covering an area of approximately 2400 km2, the 
USRB is a highly cultivated watershed (84% agriculture) in which mainly soybean and corn are 
grown (NRCS, 2016). Lake Decatur, the outlet of the  USRB, is used as the main water source 
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for both the City of Decatur and the Village of Mt. Zion with a total population of nearly 80,000 
(United States Census Bureau, 2019). The nutrient load from fertilizer applications in the 
croplands has threatened the drinking water quality in the lake and has contributed to other 
environmental problems in the waterways. Research showed that the annual nitrate N 
concentration has increased by 0.087 mg/L each year at Monticello from 1993 to 2018 and the N 
concentration in the USRB has exceeded the drinking water standard of 10 mg/L since 1980 
(Keefer et al., 2010). In addition, the sediments from the USRB basin also decreased the capacity 
of Lake Decatur by 33% from 1922 to 1983 (Keefer et al., 2010).  
 
 
Figure 2.1. The Upper Sangamon River Basin and its streamflow stations at Decatur (Decatur, Fisher (Fisher), and Monticello 
(Monticello) in central Illinois (USGS, 2020) and Illinois (shaded area) in the United States. 
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To address the environmental problems in the USRB, efforts have been made including a 
dredging project which aimed to recover the capacity of Lake Decatur and the implementation of 
management practices aimed at reducing N load in conjunction with the Illinois Nutrient Loss 
Reduction Strategy (ILEPA, 2019).   
Model set-up and parameterization 
The MIKE ECO-lab model was used to simulate the transformation of N from applied fertilizer 
based on the hydrologic model developed by Botero-Acosta et al. (2018) where MIKE SHE and 
MIKE 11 were used to simulate the water movement and contaminant transport across the USRB 
and the rivers, respectively (Alejandra Botero-Acosta et al., 2018). MIKE SHE, which is a 
deterministic, physically-based, fully distributed model, was used to simulate the water and 
contaminant movements on the surface, the vadose zone, and the groundwater. It is a fully 
coupled hydrologic model that seamlessly integrates the surface and subsurface allowing 
feedback and feedforward mechanisms to occur. MIKE 11, which is a hydrodynamic 1-D river 
model, was used to simulate water and contaminant movement in the river channel (DHI, 
2017b). Both models were set up using the measured and calibrated parameters in Botero-Acosta 
et al., (2018) across USRB discretized into 300-m grids. The models were then simulated from 
1978 to 2015 for the baseline and from 2020 to 2050 for future climate projections with a daily 
time step.  
The MIKE SHE/MIKE 11 model structure and data requirements can be compartmentalized into 
five coupled systems (Figure 2.2): the atmosphere, the surface, the unsaturated zone, and the 
saturated zone developed in MIKE SHE and the river and lake system developed in MIKE 11. 
Each compartment requires model inputs that are measurable from the field (Figure 2.2). The 
fluxes in each compartment was computed using physically-based equations such as the 2D 
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Richards’ equation for the unsaturated zone and the 3D Darcy flow equation for the saturated 
zone. Subsurface tile drainage system is commonly installed in Central Illinois like the USRB. 
Approximately 59% of USRB was simulated with subsurface tile drain and over 95% of the 
nitrate in the streamflow in USRB was found to come from drain flow (A. Botero-Acosta et al., 
2019). In the MIKE SHE model, the drainage flow was calculated as the product of the drain 
time constant and the water table height above the drains to simulate the effects of the drainage 
system draining excessive water from the unsaturated zone. In this research, the drainage system 
was installed uniformly 1 m below the soil surface with a drain time constant of 3 × 10−7𝑚2/𝑠. 
The overland flow was determined by solving the flow diffusive wave equation with the two-
dimensional finite difference method. In MIKE 11, the flow was calculated by 1D hydrodynamic 
equation and kinematic routing.  
Water quality is simulated in MIKE SHE and MIKE 11 as the fate and transport of a generic 
species, for instance, N. The transformation of N into nitrate N, ammonia N, and nitrite N need 
to be defined for the compartments where the processes take place, for example, the rivers. For 
the USRB, the main source of N is crop production and hence, for cells planted with corn, N was 
applied on the soil surface as nitrate N while ammonia N and nitrite N are transformed from 
nitrate N via N cycle. In addition to the nitrogen input to the model from fertilizer, the point 
sources load of N were also included in this model because the USRB had the most point loads 
of nitrogen in Illinois (ILEPA, 2019). Based on the results from Enforcement and Compliance 
History Online by EPA, point sources of nitrate N were added to MIKE 11 as boundary 
conditions at the closet river branch (A. Botero-Acosta et al., 2019; USEPA, 2019). The detailed 
model parameterization and set-up of MIKE SHE and MIKE 11 for the USRB can be found in 





Figure 2.2. MIKE SHE/MIKE11 model structure and input data requirements. The boxes represented the different components of the 
system and arrows the main fluxes. 
ECO-lab model set-up for N 
The ECO-Lab model is an ecological model for water quality in aquatic ecosystems that can be 
customized for different systems, processes, and contaminants. The ECO-Lab model included 
both state variables standing for different components in the ecosystems and processes including 
chemical, biological, and ecological processes. It uses the inputs in MIKE SHE for the water 
movement in the overland, the unsaturated zone, and saturated zones, and the water movement in 
the river from MIKE 11. In addition, the ECO-Lab model also used soil temperature from MIKE 
SHE models and water temperature from MIKE 11 model.  
Three ECO-lab models were set up representing the N cycles in the saturated zone, unsaturated 
zone, and surface water system. In each of the model, nitrate N, nitrite N, and ammonia N 
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(including ammonium N) were included as state variables and decay, nitrification, and 
denitrification processes were simulated (Figure 2.3). The decay processes included the 
processes that transformed the state variables into other forms of N that is out of the system. The 
nitrification processes included the processes that transformed ammonia into nitrite and further to 
nitrate while the denitrification processes included the processes that transformed nitrate back 
into nitrite and further to ammonia via biological and chemical reactions. 
 
 
Figure 2.3. N cycle simulated in the ECO-Lab model and the chemical equations represented. 
Conceptualization of processes in ECO-lab 
A first-order exponential decay function was used to represent the N transformations represented 
in Figure 2.3. The governing equation used to represent all the bio-chemical processes in each 




= 𝑘𝑡 (Eq. 2.11) 
where 𝐶0 is the state variable concentration at the start of each time step; 𝐶 is the state variable 
concentration at the end of each time step; 𝑡 is the length of each time step; 𝑘 is the estimated 
decay rate for different state variables at temperature 𝑇 computed as follows:  
𝑘 = 𝑘20𝜃
𝑇−20 (Eq. 2.12) 
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where  𝑘20 is the estimated reaction rate at 20℃ (293.15 K); 𝜃 is the estimated temperature 
correction factor; 𝑇 is the water temperature for ECO-Lab built for surface water and soil 
temperature for ECO-Lab built for unsaturated zone and saturated zone.   
The ECO-lab model in the different hydrologic compartments were a collection of processes in 
the whole N cycle with different reaction constants changed based on its physical conditions and 
calibrated based on the measurements from two stations (Fisher and  Monticello) using grab 
samples collected from 1991 to 2017 (USGS, 2019b).    
N cycle in surface water 
N cycles in surface water changed based on the water depth. As sunlight and DO were higher 
near the water surface due to air exchange and photosynthesis from phytoplankton, the reaction 
rates of nitrification processes (Eq. 2.7 & Eq. 2.8) and nitrate decay due to process of 
assimilation from phytoplankton (Eq. 2.2) were accelerated and denitrification processes (Eq. 2.9 
& Eq. 2.10) were limited. Deeper into the water profile, the DO decreased which limited the 
nitrification processes (Eq. 2.7 & Eq. 2.8) and accelerated the denitrification processes (Eq. 2.9 
& Eq. 2.10).  
The N cycle which was set up in the ECO-lab model in this research represented the general N 
cycle in surface water as a whole system. As a result, the nitrification processes (Eq. 2.7 & Eq. 
2.8) in surface water were faster than the processes in the soil because of the DO released via the 
photosynthesis processes from phytoplankton and higher air exchange rate between flowing 
water surface and the atmosphere.  
N cycle in the unsaturated zone 
All the processes in the N cycle were expected to take place in the unsaturated zone but the rates 
of the processes changed based on the availability of oxygen (air), water, temperature, pH, and 
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organic matter. As a result, N cycle in unsaturated zone included all the possible transformation 
processes (Eq. 2.1 to 2.10) and it was highly related to the fertilizer efficiency. Higher nitrate N 
and ammonia N concentration that persevered in the soil profile means higher fertilizer 
efficiency while higher nitrite N concentration in the soil profile can decrease crop production 
and harm crop heath.  
In this model, only the soil temperature was taken into consideration due to the lack of data to 
represent the other variables. Furthermore, the nitrate decay rate was much higher in the 
unsaturated zone because the nitrate absorption by crops was also included in the decay process. 
N cycle in saturated zone 
The saturated zone is characterized by the low amount of available DO and slow water 
movement which resulted in lower reaction rates for all the processes included in the ECO-lab 
model. However, as the conditions became extremely anaerobic in the saturated zone, the 
reaction constants of Eq. 2.10 and Eq. 2.9 were expected to be higher than the other reaction 
constant in this system.  
ECO-Lab model calibration 
The decay rates, k, representing Eq. 2.1 to 2.10 were determined through calibration by 
comparing the measured and the simulated nitrate N, nitrite N, and ammonia N at Fisher and 
Monticello. 
The baseline model that simulated the fate and transport of N from 1981 to 2015 with three years 
of warm-up period from 1978 to 1981 was developed to reflect the impacts of the historic 
climate and land use in USRB. The baseline model was calibrated by changing the reaction 
parameters in Eq. 2.11 in the ECO-lab model, and the fertilizer application rates and application 
timings in MIKE SHE. The performance of the ECO-lab model to simulate the changes in nitrate 
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N, nitrite N, and ammonia N was evaluated by comparing the measured concentrations of N at 
the gauging stations in Fisher and Monticello, where measurements were more substantial, with 
the simulated N generated by the MIKE model ensemble from 01/01/1981 to 12/31/2015.  
The measured concentrations were collected using grab sampling method which were 
instantaneous measurements of water samples at a specific time at a given location. Due to the 
lack of continuous measurements, the calibration process was performed during different time 
periods selected based on the density and frequency of the grab samples. Four periods were used 
to evaluate the performance of Eco-lab in simulating the different components of the N cycle in 
USRB: Period 1 (04/21/1991-10/29/1991), period 2 (09/26/1996-09/22/1998), and period 3 
(02/05/2001-09/25/2008) were selected at Monticello for nitrate N, nitrite N, and ammonia N 
and period 4 (12/19/1985-05/01/1997) at Fisher for nitrate N.  
Land management practices scenarios 
Cover crops and crop rotation have been used as nutrient management schemes to decrease the N 
load in water bodies, improve soil hydraulic conductivity, and boost agricultural production (X. 
Cheng et al., 2019; Dinnes et al., 2002; Karlen et al., 2006; Unger and Vigil, 1998; VanDyke et 
al., 1999). In the USRB, one of the most common crop rotation schemes was the corn-soybean 
rotation with a possible idle time for the soil to recover its nutrients (Karlen et al., 2006). In this 
study, the cover crop management practices were adapted based on the corn-soybean rotation 
(Table A.1) following the recommendations of the  Midwest Cover Crops Council (Woodyard et 
al., 2019b, 2019a). The new scheme involved planting cover crop during the idle period in the 
corn-soybean rotation (Table A.1). This means that another crop was planted in the late fall and 
grown in the early spring before the seeding of next year crop. Specifically, the cells originally 
planted with corn in summer and fall (May to October) were planted with oats/radish in spring 
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(last year November to April) and cereal rye in winter (November to next year April). Similarly, 
cells originally planted with soybean in summer and fall (May to October) will be planted with 
cereal rye in spring (last year November to April) and oats/radish in winter (November to next 
year April).  
To build the new land management scenario for crop rotation and cover crop in MIKE-SHE, the 
corresponding cover crops were added to the corn and soybean cells during winter and spring. 
The cells which were not corn or soybean remained the same from 2020 to 2050 as their land 
uses from 1978 to 2015. To represent the cover crop in MIKE SHE, the cover crop information 
(i.e., changes in the leaf area index, crop coefficient, and root depth) was added to that of corn or 
soybean. Similarly, the hydraulic conductivity of soil surface layer was also increased by 20% to 
represent the effect of cover crop roots in spring and early summer (Bodner et al., 2008).   
Fertilizer application rates scenarios 
To determine whether or not the nitrogen load reduction target in The Gulf Hypoxia Action 
Plan” (Mississippi River/Gulf of Mexico Watershed Nutrient Task Force, 2008) can be achieved 
through the ongoing land management schemes in USRB, different combinations of corn-
soybean rotation, cover crop, application rates, and future climate were created as scenarios 
(Table A.2). In these scenarios, the application rates for all the crops were reduced by 50% to 
simulate the scenario if state government regulated the fertilizer application rate to meet the 
reduction goal in the project. Furthermore, cover crop scenarios were also implemented in 
combination with the reduced rates scenarios to simulate the combined effects on the N load.  
Climate projections 
The future climate projections used in this research were generated from the Coupled Model 
Intercomparison Project phase 5 (CMIP5) from the Working Group on Coupled Modelling 
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(WGCM) of the World Climate Research Programme’s (WCRP) (World Climate Research 
Programme, 2017). The CMIP5 includes global circulation models (GCMs) from 20 modeling 
groups across the globe under different emission levels simulating climate projections for the 
future. Among the models under the highest emission condition in the project, the Representative 
Concentration Pathway (RCP) 8.5, the driest and wettest climate projections were identified 
based on the mean rainfall and daily temperature to simulate the possible range of future climate 
projections. The GFDL-CM3 model was identified to generate the highest mean rainfall which 
was used as the “wet” climate projection and GFDL-ESM 2M model was identified the lowest 
mean rainfall which was used as the “dry” climate projection, respectively (Alejandra Botero-
Acosta et al., 2018).   
Simulation of scenarios 
The corn-soybean, cover crop, and reduced fertilizer application were simulated under the 
historic and projected climates in both wet and dry conditions which resulted in 12 scenarios 
(Table A.2). The baseline scenarios simulated the historic land use from 1978 to 2015 under 
historic climate (baseline A), wet future climate (baseline B), and dry future climate (baseline C).  
In addition, to evaluate the effectiveness of government regulated fertilizer application rate, the 
regulated scenarios were the simulations of historic land use with 50% less fertilizer applied 
under historic climate (regulated A), wet future climate (regulated B), and dry future climate 
(regulated C). Furthermore, to evaluate the effectiveness of adapting cover crop land 
management practice for corn and soybean, the updated scenarios simulated the impacts of the 
updates land management that combined crop rotation and cover crops under historic climate 
(updated A), wet future climate (updated B), and dry future climate (updated C). The regulated 
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and updated scenarios were combined to constitute the combined scenarios under historic climate 
(combined A), wet future climate (combined B), and dry future climate (combined C). 
Baseline N model  
The calibrated reaction constants that represented the transformation of the different components 
of N were shown in Table A.3. Generally, the calibrated k values were lower than the values 
measured in the laboratory as reported in the literature for the same transformations under ideal 
conditions. This was expected since factors such as pH, supply of reactant, DO concentration, 
and temperature were expected to differ in the fields (I. F. Cheng et al., 1997; Dinçer and Kargi, 
2000; McLaren, 1976; Shah and Coulman, 1978). In addition, the rate constants were expected to 
be further decreased by the competitive effect from other bio-chemical reactions (Hockenbury 
and Grady, 1977; Verhagen et al., 1995). For example, the DO in surface water could be 
consumed by both bacteria and other oxygen needing reactions, which was expected to decrease 
the DO concentration available for nitrification (Eq. 2.7 and Eq. 2.8) and lead to the decrease in 
the nitrification reaction rate.  
The fertilizer application rates of the different crops were also calibrated based on the sampled 
nitrate N, nitrite N, and ammonia N concentrations in the river. The typical N fertilizer used in 
USBR was ammonia or UAN, which were expected to transform into nitrate N in less than a 
week after application. As a result, N fertilizer in MIKE SHE was simulated as nitrate N applied 
either after harvesting or before seeding. The calibrated nitrate N application rate for corn was 
285 𝑘𝑔/ℎ𝑎 per year which was after harvesting from 1978 to 2008, 75% after harvesting and 
25% before seeding from 2009 to 2011, and 60% after harvesting and 40% before seeding from 
2012 to 2015 (A. Botero-Acosta et al., 2019; IPNI, 2020).   
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The performance of the MIKE model ensemble in simulating the fate and transport of nitrate N, 
nitrite N, and ammonia N was evaluated by comparing the measured and simulated N 
concentration at Fisher and Monticello. For nitrate N (Figure 2.4), the calibration results were 
evaluated by comparing the measured and simulated variables using scatter plots and daily time 
series. As nitrate N is relatively a stable chemical in the river system under normal conditions 
(less than 70℃), the grab samples were expected to represent the nitrate N level to some degree 
(Aminot and Kérouel, 1995). Furthermore, the irregular frequency of sampling prevented the use 
of model performance metrics for continuous measurements, for instance, the Nash-Sutcliffe 
Coefficient. As a result, the goodness-of-fit of the model was based on both visual evaluation of 
the time series as well as the coefficient of determination, R2 (Figure 2.4). In addition, the 
simulated time series showed the same seasonal tendencies and fell within the same order of 





Figure 2.4. Observed and simulated nitrate N at four different periods and stations: (a) Period 1 at Monticello; (b) Period 2 at 
Monticello; (c) Period 3 at Monticello; and (d) Period 4 at Fisher. 
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For nitrite N (Figure A.1) and ammonia N (Figure A.2), only the comparison of the measured 
and simulated time series was plotted. Due to the instability of both nitrite N and ammonia N 
compared with nitrate, nitrite N could transform into other forms of N depending on the pH, DO, 
and COD of the water, while the ammonia N in the water could be released into the atmosphere 
due to its high volatility. The simulated values of nitrite and ammonia were unable to represent 
these processes as pH, DO, and COD were not included in the simulations. However, as the 
model can successfully simulate the changes in nitrate in time, and since nitrate N was the main 
source of nitrite N and one of the important sources of ammonia N, a well calibrated nitrate N 
model is assumed to result in reasonable prediction of nitrite N and ammonia N. Accordingly, 
nitrite N and ammonia N were calibrated so that the simulated values have the same order of 
magnitude as the measured (Figures A.1 and A.2). 
Results and Discussion 
Impacts of projected climate on nitrate N concentrations 
The impacts of projected (2020-2050) climate (wet and dry) on surface water nitrate N 
concentration were determined by comparing the monthly mean concentration of nitrate N of the 
baseline A versus baseline B and C at stations Fisher, Monticello, and Decatur. In addition, the 
impacts of projected climate (wet and dry) on soil nitrate N concentration were determined by 
comparing the monthly mean concentration of nitrate N in unsaturated zone and saturated zone 
of one cell with continuous corn-soybean crop rotation through the simulation period.  
As all the three stations showed the same nitrate tendency and variability, the results from 
Monticello were used to show how the nitrate N concentration changed on a monthly basis from 
1981 to 2015 under the historic and projected climates (Figure 2.5a). The nitrate N NPS 
concentrations were highest in April and lowest in August in all three stations. Since the dry and 
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wet climate projections defined the boundary conditions of the future climate projections and 
nitrate N concentration under historic baseline was within this range, the nitrate N concentration 
was not expected to change significantly from 2020 to 2050. In addition, due to the high 
solubility of N NPS, this trend followed the discharge, which was the most dominant factor that 
controlled N NPS transport under wet projection and historic climate. However, this trend was 
not expected to hold when the climate became dry (Figure 2.5a). Under dry projection, the nitrate 
N concentration was higher than baseline and wet projection in February, March, April, and May 
that the mean nitrate concentrations under dry climate were expected to be around 7.5% higher 
from February to May compared with the historic baseline. The nitrate N loss was more 
significant in surface runoff under dry projection due to the decreased precipitation resulting 
reduced interflow and drainage flow. Under these conditions, the decreasing streamflow offered 
less dilution resulting in the increased nitrate N concentration in surface water. Furthermore, the 
month with the highest nitrate N concentration shifted from May to April due to the shift in the 
peak monthly precipitation from May to April under future projections. This earlier peak in 
surface water nitrate concentration could cause more potential environmental hazard downstream 
as the lower temperature in April than May can result in lower nitrate N decay rate allowing for 
longer residence time. Overall, the nitrate N concentrations in surface water were not expected to 
change significantly under projected climate if the historic land use was maintained.  
In the soil, the effects of climate were consistent. Results showed that the saturated zone nitrate 
N concentrations were not expected to change significantly under dry projection annually. The 
unsaturated zone nitrate N concentration, however, was expected to increase by 30% from 
August to September and decreased by 10% in other months. Under the wet projection, the 
saturated zone nitrate N concentration showed a 32% increase and the unsaturated zone nitrate N 
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concentration showed a 200% increase from the historic baseline. These changes were due to the 
increased infiltration and percolation which brought more nitrate N from the soil upper layers to 
the lower layers. Overall, these results showed that potential positive impacts might exist in the 
future due to the higher unsaturated zone nitrate N concentration which can be available for plant 
use. However, the risk of saturated zone water contamination by nitrate N was expected to 
increase if climate become wetter.   
 
Figure 2.5. Monthly mean N concentrations of (a) nitrate N, (b) nitrite N; (c) ammonia N for the baseline A, baseline B, and baseline C 
models under three climate projections. 
Impacts of projected climate on nitrite and ammonia N concentration in surface water 
Unlike nitrate N that was mainly from fertilizer input, all nitrite and ammonia N in the model 
developed were generated via the N transformation from nitrate fertilizer. It was expected that 
the nitrite and ammonia N concentrations followed the nitrate N concentration pattern. However, 
the results (Figure 2.5b and 2.5c) of the simulations showed that the nitrite and ammonia 
concentrations were driven by the discharge more than the nitrate N concentration. This can be 
due to the fact that nitrate N was expected to transform into nitrite and ammonia N faster in 
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surface water than in the unsaturated zone and hence higher discharge could increase the amount 
of nitrate N that was transformed into other two types of N NPS. However, both types of N NPS 
concentration were not expected to reach the EPA limit or WHO standards under any climate 
projections indicating that the agricultural N fertilizer simulated in this research was not able to 
generate critical nitrite and ammonia concentration in the water. Generally, nitrite N and 
ammonia N were not expected to post any environmental issues in the USRB under current land 
use. However, potential risk of high nitrite N and ammonia N concentration still exists if other 
point sources increase, including urban wastewater discharge, factory wastewater discharges, etc. 
Daily nitrate N concentration in surface water 
To analyze the monthly behavior of nitrate N concentration in surface water, the probability 
distribution functions (PDF) of the daily nitrate N concentration were generated. As the 
behaviors in different months were the same among the stations, the PDFs from Monticello were 
used as examples to elucidate how nitrate N behaved monthly in surface water.  
For nitrate N, the distribution of the daily nitrate showed that there was noticeable probability 
that the nitrate N to reach “critical” values which exceeded the EPA limit of 10 ppm (mg/L) 
(USEPA, 2009). Table A.4 showed the probability (rounded to 1%) that the daily nitrate N was 
higher than the EPA limit for each month. The probability “<1%” in the table meant that the 
probability was less than 0.5%.  
Based on the results, it could be found that the nitrate N concentrations under dry projection was 
expected to be higher than the concentrations under wet climate projection and historic baseline. 
The possible reason for this was that the dilution effect from higher discharge under wet 
projection and historic climate led to lower nitrate N concentration. Furthermore, the month with 
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the highest probability (50%) was April, which can be due to the bare field conditions prior to 
plant emergence and high rainfall events producing high surface runoff.  
The daily nitrate N concentration distributions by month were found to follow three distinct 
patterns and were then classified into three categories as “Peak Shape”, “L Shape”, and 
“Combined Shape”. Three examples were shown in Figure 2.6 representing the months of May, 
September, and June. The months of February, March, April, and May manifested a “Peak 
Shape” distribution resembling a near normal distribution (Figure 2.6a). This distribution can be 
due to the long duration but low intensity rainfall events in these months. As a result, the nitrate 
N was expected to be transported at a relatively constant rate through the subsurface tile 
drainage, which formed the peak in the PDF figure. The months of January, July, August, 
September, October, November, and December showed an “L Shape” distribution where more 
than 90% of days had a nitrate N concentration less than 1 ppm while less than 5% of days had a 
nitrate N concentration of more than 9 or 10 ppm. The reason for this nitrate N concentration 
behavior was due to the short duration but critical rainfall events in these months. The high 
nitrate N concentrations were expected to be generated only after rainfall events while low 
nitrate N concentrations were generated consistently during days without critical rainfall events. 
As a result, the dry days which were usually more than 90% of the days formed the high peak 
close to zero and the few high values generated by the rainfall events formed the long and low 
right tail. Finally, for June, the PDF of daily nitrate N concentration showed a “Combined 
Shape” pattern that had one peak at around 3.5 ppm under future projections and 8 ppm under 
historic climate and a long and low right tail. As June was in the middle of May with “Peak 
Shape” and July with “L Shape”, this type of distribution could be viewed as the shift from 
“Peak Shape” to “L Shape” distribution resulting from the shift in the rainfall pattern.  
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For nitrite and ammonia N, all the concentrations were lower than either EPA or WHO limits 
which showed that there was no risk of nitrite and ammonia N from agricultural production 
becoming a serious environmental problem in the USRB from 2020 to 2050 considering climate 
changes. The possible reason for this was that the time of concentration for USRB was less than 
3 days, which made it impossible to accumulate nitrite and ammonia N in any sections of the 
river if the source was from the transformation from nitrate. However, potential risk of 
environmental problems caused by nitrite and ammonia N still existed if additional loads such as 
point source pollution were discharged into the river.  
Overall, the risk of critical nitrate N concentration was expected to be higher when the climate is 
dry during the seasons when plants were not fully grown while the risk of nitrite and ammonia N 
in the surface water were not expected to exceed the safety limits. However even under the 
wettest climate projection, more days with limit-exceeding nitrate N concentration were still 
expected than the historic climate. 
 
Figure 2.6. Probability distribution functions of different months as examples: (a) May representing “Peak Shape” behavior; (b) 
September representing “L Shape” behavior; (c) June representing “Combined Shape”. 
Regulated application rates on NPS in surface water 
To compare the effects from regulating fertilizer application amount to 50% of the baseline 
values to meet the reduction target, the nitrate N concentration at Monticello were compared 
using scenarios baseline A, regulated A, regulated B, and regulated C (Figure 2.7) and the 
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percentage changes of monthly mean concentrations under wet and dry projections (Figure 2.7b). 
Because nitrite and ammonia N were transformed from nitrate N and the risk of generating 
critical nitrite and ammonia N was low in the baseline, the risk of generating critical nitrite N and 
ammonia N in the scenarios with lower application rates would be even lower sequentially. 
Hence, it was expected that there was no risk that nitrite and ammonia N transformed from 
applied nitrate will exceed EPA and WHO limits in scenarios regulated A, B, and C. These 
scenarios, with lower application rates, showed significant reduction in nitrate N concentration in 
all the twelve months but the percentage changes (Figure 2.7b) under different climate 
projections. The daily nitrate N concentration PDFs of all the twelve months did not exhibit any 
days that exceeded the EPA limits. The simulations in this research suggested that by regulating 
the fertilizer application rate to 50% of the original application rate could ensure below critical 






Figure 2.7. (a) Monthly mean nitrate N concentration under three climate projections of scenarios historic baseline, regulated A, 
regulated B, and regulated C under three climate projections; (b) The monthly mean nitrate concentration percentage changes at 
Monticello. 
Improved cover cropping on nitrate N 
To determine the further effects of adopting an updated cover cropping practice under future 
climate projections when fertilizer application rates were regulated, the nitrate concentration at 
Monticello from the regulated (B and C) and combined (B and C) scenarios were evaluated 
(Figure 2.8). In addition, the nitrate N concentrations on the unsaturated and saturated zones of 
one sampled cell with continuous corn-soybean crop rotation through the simulation period were 
compared using the regulated and combined (B and C) to determine the effects from improved 
cover crop land management on nitrate N concentration in the soil (Figure 2.8b and 2.8c).  
Generally, the reduction in nitrate N concentration was found to be more significant in the 
surface water and saturated zone than in the unsaturated zone under the dry projection. Under the 
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dry climate projection, the unsaturated zone nitrate N concentrations did not change significantly 
compared with the regulated scenario (Figure 2.8b) while both surface water and saturated zone 
nitrate N concentrations decreased by approximately 33%. In addition, the reduction in surface 
water nitrate N concentration were the least in July at 7% and became more in the other months. 
These results were expected given the fact that the grown cover crop could provide additional 
evapotranspiration from November to March (Figure A.3. 1). The increased evapotranspiration 
during these months was expected to reduce the percolation to the saturated zone which was 
expected to decrease the saturated zone nitrate N concentration. As the amount of water and 
nitrate N concentration in the saturated zone decreased, the drainage flow to the surface water 
system was expected to decrease as well leading to the decrease in the surface water nitrate N 
concentration. However, the increase in the infiltration and evapotranspiration in the unsaturated 
zone were not expected to change the water balance in the unsaturated zone significantly which 
did not changed unsaturated zone nitrate N concentration significantly.   
Under wet climate projection, the nitrate N concentration in the unsaturated zone increased to 
over 500% from November to April when cover crop was grown and decreased to about 30% 
from May to October when the main crop was grown (Figure 2.8b). The decrease was only 
significant in July, August, and September with an average of 7% in surface water. In addition, 
an average of 33% decrease in saturated zone nitrate N concentration could be expected all year 
round. From November to April (Figure A.3. 2), the infiltration increased due to higher hydraulic 
conductivity bringing more nitrate N from soil surface to the unsaturated zone while cover crop 
resulted in additional evapotranspiration. Based on the results, the change in evapotranspiration 
was more significant than the change in infiltration which reduced the soil moisture and 
increased the unsaturated zone nitrate N concentration due to less dilution. The decreased 
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unsaturated zone soil moisture also reduced the percolation which brought less nitrate N to the 
saturated zone and reduced drainage flow. In the saturated zone, less nitrate N brought by less 
percolation reduced the saturated zone nitrate N concentration. At the same time, the decreased 
drainage flow from saturated zone brought the surface water nitrate N concentration closer to the 
baseline level even with higher nitrate N concentration in interflow.  
From May to October (Figure A.3. 3) when precipitation was high, the increased infiltration and 
unchanged evapotranspiration were expected to increase percolation and interflow which 
significantly decreased the unsaturated zone nitrate N concentration (Figure 2.G. 3). Moreover, 
the percolation also resulted in more drainage flow further decreasing the nitrate N concentration 
in both the unsaturated and saturated zones. These increased flow from soil to the surface water 
increased streamflow and decreased the nitrate concentration in surface water. Among the 
changes, the decrease in the unsaturated zone nitrate N concentration may lead to potential 
negative impacts for crop growth as the unsaturated zone nitrate N concentration decreased from 
May to October when the crops were growing (Hansel et al., 2019; Reinbott and Helsel, 1987). 
However, possible positive effects on crop health existed because cover cropping was expected 
to improve soil health, reduce pests, and control weeds, which could not be modeled in this 
research (Bodner et al., 2008; Prunty and Greenland, 1997; Unger and Vigil, 1998). In addition, 
the increased 𝐶𝑂2 concentration under the extreme projections might also increase the Leaf Area 
Index (LAI) which in turn was expected to increase evapotranspiration. Increased plant 
transpiration can decrease soil moisture and can consequently increase the nitrate concentration 
in soil. However, due to the limitation of the model, this change could not be captured and 
should also be considered when making land management practices decision.    
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Overall, the cover cropping was expected to decrease the surface water nitrate N concentrations 
under dry projection and saturated zone nitrate N concentration under both climate projections. 
However, potential negative impacts risk for crop growth existed under wet projection due to the 
lower unsaturated zone nitrate N concentration.  
 
Figure 2.8. The monthly mean nitrate concentration percentage changes under wet and dry projections at Monticello in (a) surface 
water, (b) unsaturated zone, and (c) saturated zone 
Conclusions  
The impacts of the different management practices on the fate and transport of nitrate, nitrite, 
and ammonia N in an intensively managed watershed was simulated using fully distributed 
physical-based hydrologic and transport models. Management practices such as cover cropping 
and regulating the fertilizer application rate under wet and dry climate projections were 
implemented from 2020 to 2050 to determine their effectiveness in reducing the N concentration 
in surface water and soil. With the current land use and management, the nitrate concentration N 
in surface water exceeded the EPA limit of 10 ppm (USEPA, 2009) by 2.5% in time. Regulating 
the fertilizer application rate to approximately 50% of the current rate will ensure that the EPA 
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limit in surface will not be exceeded in the future under both climate projections. Implementing 
cover cropping alone can potentially decrease nitrate N concentrations by 33% in surface water 
under dry climate and in the saturated zone under both wet and dry climate projections. By 
combining the cover cropping and regulated application rate management, the nitrate N 
concentration in the saturated zone was expected to decrease by 67% compared with historic 
baseline, which indicated that combined land management practice could mitigate environmental 
issues and public health hazards caused by nitrate N contaminated groundwater. Understanding 
the fate and transport of N in the surface and subsurface domains and their responses to different 
management and climate regimes can help us formulate the best strategies to reach targeted 
Nutrient reduction. Similarly, understanding how N transforms into its different components and 
their subsequent fate in the surface and subsurface zone can help formulate focused adaptation 





CHAPTER 3: RISK ASSESSMENT OF HARMFUL ALGAL BLOOMS (HAB) 
OCCURRENCE IN THE AGROECOSYSTEM: A HYDRO-ECOLOGIC MODELING 
FRAMEWORK AND ENVIRONMENTAL RISK MATRIX. 
Introduction 
Harmful algal bloom (HAB) is an important environmental concern in the global agroecosystems 
that can cause large-scale fish kills, decrease aquatic biodiversity, cause odorous water, and 
result in an overall decline in the ecosystem services that we get from our water bodies (CDC, 
2020; USEPA, 2020). Research showed that over 50% of the states in the U.S. are impacted by 
HAB each year with an economic impact estimated to be over 81 million dollars annually 
(Anderson et al., 2000; CDC, 2020). High concentration of nitrogen (N) and phosphorus (P) in 
the surface water, warm water temperature, and low discharge were reported to be the main 
causes of HAB in freshwater systems (CDC, 2020; USEPA, 2020). HAB in freshwater is 
typically composed of high density of algae that generates toxins which can potentially harm the 
health of local communities and freshwater aquatic animals (IDPH, 2020). The HABs caused by 
certain types of algae such as Golden alga (Prymnesium parvum) and Blue-green algae 
(cyanobacteria) could potentially change the surface watercolor and odor depending on the algae 
density (Lopez et al., 2008). In Illinois, for example, HABs is often sighted when the weather is 
warm (e.g., June, July, August, and September) and during the fertilizer application season when 
nutrient loss is high. Generally, Blue-green algae was the most common cause of HAB in the 
majority of the U.S. including Illinois freshwater systems (IDPH, 2020; Korppoo et al., 2017). 
Unsightly and foul-smelling scums, hypoxia, and odorous drinking water were the typical 
environmental issues caused by blue-green algae related HABs (Lopez et al., 2008). They not 
only change the color of the water to green but also release toxins including hepatotoxins, 
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neurotoxins, cytotoxins, dermatotoxins, respiratory, and olfactory irritant toxins (Lopez et al., 
2008).     
To protect the local public health and agroecosystems, the government typically address the 
HAB threats by environmental protection plans aimed at lowering the P loads in water bodies 
since P is the limiting factor for most of the freshwater watersheds in the U.S. (CDC, 2020; 
Granéli and Turner, 2006; IDPH, 2020). For example, the United States Environmental 
Protection Agency (U.S.EPA) planned to lower the N and P loads in Illinois by half by 2050 
from what they were in 2000 in its “The Gulf Hypoxia Action Plan” (Mississippi River/Gulf of 
Mexico Watershed Nutrient Task Force, 2008). To meet this goal, research has been conducted 
to determine if land management practices such as decreasing fertilizer application amount, 
wetland buffers, and cover crop during field idle time, can be adopted to reduce P load in rivers. 
Within N and P cycles, P cycle was more difficult to simulate as it was more related to sediment 
transport than N cycle apart from the drainage flow and surface runoff (Douglas Jr. et al., 1998; 
Merriman et al., 2019). Constructing wide buffer strips and stabilizing channel banks in the 
Grand River watershed, southern Ontario, simulated using SWAT, could result to a 50% and 
38% decrease in P load in to Lake Erie, respectively (Hanief and Laursen, 2019). Another 
research also using SWAT showed that agricultural BMPs, including vegetated filter strips, 
grassed waterways, and reduction of soil-phosphorus concentrations could potentially decrease P 
load by a maximum of 20% at the watershed outlet (Almendinger and Ulrich, 2017). However, 
the effectiveness of these practices remained unclear and difficult to evaluate due to the 
complexities of N and P cycles in water and the lack of proper spatial representation of these 
cycles in conceptual models like SWAT. For example, particulate P adsorb to sediments were 
typically estimated as a function of the soil loss which in turn were estimated using empirical 
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equations like the Universal soil loss equation (USLE) or Revised USLE (RUSLE) (David et al., 
2014). In these studies, the use of empirical models was able to closely estimate the general 
nutrients loss in a state level but did not properly predict the P fate and transport within a 
watershed nor were they able to assess the effects of field level land management practices on 
HAB occurrence. To evaluate the occurrence risk of HAB occurrence, a thorough understanding 
of how the hydrologic processes, climate conditions, and N and P fate and transport can impact 
HAB is needed if field-level land management practices were considered. 
The objective of this research was to assess the occurrence risk of HAB occurrence in a highly 
cultivated watershed and evaluate the effectiveness of N and P fertilizer reduction land 
management practices in mitigating this risk under future climate projections. To achieve this 
objective, a framework was developed for HAB occurrence risk assessment under different 
environmental stressors including climate changes and different land management practices 
following four specific objectives: (1) First, a fully distributed physical-based hydrologic model, 
MIKE SHE, and a hydrodynamic river model, MIKE 11, were coupled with ECO-Lab to 
simulate the fate and transport of different forms of N and P in the agro-ecosystem in the Upper 
Sangamon River Basin (USRB), a highly cultivated watershed in central Illinois. (2) Second, the 
projected N and P concentrations were simulated under the wettest and driest climate projection 
from 2020 and 2050. (3) The climate change effects on HAB occurrence risk levels were then 
determined using the simulated N and P concentrations. (4) Finally, two different land 
management practice scenarios were created based on the government restoration plan on N and 
P to determine the effectiveness of this restoration plan on HAB occurrence risk levels under 
extreme climate projections. The growth parameters of blue-green algae were used for algae 
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growth model to determine the HAB occurrence risk level with N and P concentrations and 
water temperature (Esteves-Ferreira et al., 2018; Korppoo et al., 2017; Motomura et al., 2018). 
Methodology  
Study area  
The USRB was used as the experiment watershed for model development and P non-point-
source pollution fate and transport simulation (Figure 3.1). The USRB, located in central Illinois 
with an area of approximately 2400 km2, has more than 84% its land used for agricultural 
production with corn and soybean to be the most widely grown crops (NRCS, 2017). As the 
result of its heavily cultivated lands, the USRB has been experiencing environmental problems 
including high nutrients concentrations and excessive sediments. For example, previous observed 
data revealed that the nitrate concentration at station Monticello increased by an average of 0.087 
mg/L annually in the last 30 years and has exceeded the EPA drinking limits at 10 mg/L since 
1980 (Keefer et al., 2010). In addition, the P concentration in USRB has been over the EPA limit 
of 0.04 ppm since 1980s and algal blooms have been reported occurring in the lakes, river, and 
ponds in Illinois since then (ILEPA, 2020). To address these environmental concerns and restore 
the non-market value of the USRB, a project aiming at recovering the water storage of Lake 
Decatur is currently being implemented. Moreover, land management practices changes aiming 
at decreasing the N and P concentrations have been included in the Illinois Nutrient Loss 




Figure 3.1. The USRB watershed (a) location in the U.S.; (b) digital elevation models (DEM); (c) sub-catchments coverage; (d) land use 
map. 
Nutrient fate and transport models 
The water movement and the nutrient cycles were simulated using models MIKE SHE, MIKE 
11, and MIKE ECO-Lab. MIKE SHE model, a deterministic physically-based fully distributed 
model, was used to simulate the hydrologic processes in the surface, unsaturated zone, and 
saturated zone while MIKE 11, a hydrodynamic 1-D river model, was used to simulate the water 
movements in the river (DHI, 2017b).  
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MIKE ECO-Lab, which is an add-on to MIKE SHE and MIKE 11, was used to simulate the N 
and P cycles in soil and surface water systems (DHI, 2017a). MIKE ECO-Lab N cycle in this 
research was developed based on the previous research (Hou et al., 2020). The P cycle model 
was developed using three variables including two types of dissolved phosphorus (DP) and 
sediment attached phosphorus (SEDP). The two types of DP represented the two types of 
phosphorus fertilizers that are commonly used in Illinois including Monoammonium Phosphate 
(MAP) and Ammonium Polyphosphate (APP) whose solubilities are different.  
The P cycle model contained two major processes (Figure 3.2): (1) the transformations between 
MAP and SEDP and that between APP and SEDP which maintained the mass balance of SEDP 
and DP in the surface water system; and (2) the decay processes of DP representing the crop 
absorption and natural decay in the unsaturated zone and algae absorption and natural decay in 
the surface water system. All the DP in the surface water system was considered as the total P 
that can be consumed by over-growing algae which was referred to as the bioavailable P (BAP).  
High BAP concentration in surface water was expected to lead to possible algal bloom in the 
surface water system (Ekholm, 1994; Ellison and Brett, 2006). 
The process that MAP and APP were attached to the sediments, the process that SEDP is being 
released as DP in the surface water, and the decay of DP were governed by first-order 




= 𝑘𝑡 (Eq. 3.1) 
where 𝐶0 is the state variable concentration at the start of each time step; 𝐶 is the state variable 
concentration at the end of each time step; 𝑡 is the time step; and 𝑘 is the estimated decay rate for 
different state variables at temperature, 𝑇 , computed as follows:  
𝑘 = 𝐾𝐵𝐴𝑃 𝜃
𝑇−20 (Eq. 3.2) 
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where  𝐾𝐵𝐴𝑃  is the estimated BAP decay rate at 20℃ (293.15 K); 𝜃 is the estimated temperature 
correction factor; 𝑇 is the water temperature for ECO-Lab model for surface water and soil 
temperature for ECO-Lab model for unsaturated zone and saturated zone.   
 
Figure 3.2. P cycle simulated in MIKE ECO-Lab. 
Climate projections 
The Coupled Model Intercomparison Project phase 5 (CMIP5) from the Working Group on 
Coupled Modelling (WGCM) of the World Climate Research Programme’s (WCRP) was used to 
generate climate projections (World Climate Research Programme, 2017). The wettest and driest 
climate projection among the 32 global circulation models (GCMs) under the highest emission 
level, the Representative Concentration Pathway (RCP) 8.5, were used to simulate the most 
significant effects from climate changes. Furthermore, these two projections also represented the 
uncertainty from future climate which can be used to predict the occurrence risk of algal blooms 
and the distribution of daily N and P concentrations when different land management scenarios 
were implemented.  
P input sources scenario 
P in a watershed usually comes from four major sources including agricultural fertilizer 
application, weathering process from which P is transformed into DP from minerals, 
67 
 
precipitation containing P, and point source P. In this model, all four processes were included as 
P inputs and expected to contribute to the P simulation in the river as follows:  
(1) Fertilizer P application: As P fertilizer application timing and amount in the USRB were not 
regulated and monitored by any regulatory agencies, the actual P fertilizer application 
schemes were not available. To correctly simulate and represent the P fertilizer application 
scenarios, the baseline P fertilizer application rates were based on the recommended rates to 
maintain the fertilization need in the Illinois Agronomy Handbook and the surveyed crop 
yield in Illinois by United States Department of Agriculture (USDA) where a five-year-
moving average yield was used as the target yield (Hager et al., 2002; USDA, 2020). In 
addition, the baseline P fertilizer application scenarios were further calibrated based on the 
measured DP (filtered P in the database) at Fisher and Monticello.  
(2) Weathering P: The weathering of P, the process where P is released from apatite minerals 
and becomes soluble and bioavailable to the ecosystem, is one of the natural DP application 
process that widely exists (Filippelli, 2002). The natural P weathering processes in the soil 
were also included in the model based on literature. A supply of 0.0015𝑘𝑔/ℎ𝑎 DP per day 
was evenly applied between the soil surface and 1 m below the surface (Newman, 1995).       
(3) Precipitation P: Due to the increased human activities and booming industrial development, 
the P brought by precipitation cannot be neglected as a source of P and were mainly in 
soluble or bioavailable form (Ridame and Guieu, 2002). A constant DP concentration of 0.1 
𝑔/𝑚3 was used to represent the input from precipitation (Ridame and Guieu, 2002). 
(4) Point source P: Point source P generally was not expected to be significant in most of the 
watershed as stated in previous research (Liu et al., 2019; Nguyen et al., 2019; Shen et al., 
2020). However, the USRB was different due to the existence of the sewage treatment plant 
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which discharges P load in Decatur (David et al., 2014). To correctly represent the plant 
discharge, a supply of 3.7𝑘𝑔/ℎ𝑎 DP per application was added to the area between 
Monticello and Decatur in the P fertilizer application scenario.     
Model calibration  
Model parameters that were not measured or monitored in the field were estimated by 
calibration. The reaction constant of DP decay, 𝐾𝐷𝑃 , and the P fertilizer application rates were 
calibrated and validated based on the sampled DP concentration at Fisher, Monticello, and 
Decatur from 1978 to 2015 monitored by USGS. The N cycle related parameters were adopted 
from previous research in the USRB (Hou et al., 2020; USGS, 2019b).  
Four periods were used to evaluate the performance of Eco-lab in simulating the different 
components of the P cycle in USRB: Period 1 (02/14/1979-12/04/1986) at Fisher, period 2 
(04/19/2001-10/10/2006) at Monticello, period 3 (08/31/1985-08/01/1987) at Decatur, and 
period 4 (07/11/1994-06/01/1997) at Decatur were selected for calibration. 
 
Land management practices scenario construction 
To address the issues of potential HAB occurrences in the USRB, two different land 
management scenarios were created aimed at reducing the HAB occurrence risk by decreasing 
the P or N concentrations in the surface water. These management practices were focused on 
decreasing fertilizer application rates to determine which type of agricultural fertilizer was more 
critical in generating HAB.  
Previous study showed that the major P source in the USRB was not from nonpoint sources but 
from the sewage treatment plant locating in the watershed which accounted for about 70% of the 
total P load (David et al., 2014). Due to the smaller contribution in the total P coming from the 
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cropping activities, the common land management practices such as cover cropping and crop 
rotation were not expected to decrease the overall P concentration enough to affect the HAB 
occurrence risk levels in the USRB. Among the popular practices adapted, decreasing P 
application rates was proven to be the most efficient and adapted in our simulations (Liu et al., 
2019; Merriman et al., 2019). 
Similarly for N, previous study in the USRB has shown that decreasing N application by 50% 
based on the goals in “The Gulf Hypoxia Action Plan”, which aimed at decreasing N and P load 
in the river by 50% by 2050, was expected to lower N concentrations below the EPA standard at 
10 ppm (Hou et al., 2020; Mississippi River/Gulf of Mexico Watershed Nutrient Task Force, 
2008; USEPA, 2009). The scenarios that met the N goals in this plan were viewed as the best 
scenarios possible and were adapted in our simulations to determine the effectiveness of N in 
lowering HAB occurrence risk levels in this watershed. Furthermore, to better understand the 
effectiveness of the “The Gulf Hypoxia Action Plan” goal in controlling HAB occurrence risks, a 
combined scenario with both reduced N and P fertilizer application rates was also generated and 
simulated under the extreme projections (Mississippi River/Gulf of Mexico Watershed Nutrient 
Task Force, 2008).     
To construct the scenarios, the fertilizer N and P application rates were reduced by 50%, while 
keeping the application timings unchanged from the baseline scenarios. The point sources of N 
and P were kept unchanged.             
BAP behavior under climate change  
The BAP stood for all the P that could be used for algae growth in the USRB which is represent 
by DP in our model. High BAP concentration was expected to lead to the overgrowth of blue-
green algae because the requirement of algae was met and longer duration of high BAP 
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concentrations increased the probability of the overgrowth of algae turning into HAB events 
(Granéli and Turner, 2006; Lopez et al., 2008). The general behavior of the BAP was evaluated 
using the following metrics which were simulated under the historic baseline (from 1978 to 
2015), wettest, and driest climate projections (from 2020 to 2050) as follows: 
(1)  The mean BAP concentrations to show the general BAP behavior along the river under 
climate change. 
(2)  The percent of days the BAP concentration is higher than the critical BAP concentration for 
algae growth (0.2𝑚𝑔/𝑙) (C. Wang et al., 2016) to show the potential impact from P on algae 
growth. 
(3)  The percent of four continuous days with BAP concentration over critical concentration 
among critical days in category (2) to show the potential occurrence risk of algae fast growth 
turning into HAB events in the watershed or for downstream if temperature was suitable for 
HAB. This concept was based on previous research conducted by Beman et al. (2005) which 
showed that it usually took 3-5 days for a bloom to develop after agricultural runoff with 
high nutrient concentration discharged to the Gulf of California (Beman et al., 2005; Granéli 
and Turner, 2006). Based on the research, four continuous days with BAP over the algae 
growth concentration at 0.2𝑚𝑔/𝑙 would ensure the occurrence of an HAB event if 
temperature was suitable.    
HAB occurrence risk level assessment 
The occurrence risk of HAB occurrence was assessed using the water temperature and 
bioavailable nutrients concentrations for each scenario simulated. Four HAB occurrence 
conditions were classified according to the bioavailable nutrients and water temperature (Table 
3.1, Figure 3.3). The bioavailable N (BAN) concentration, which was the total concentration of 
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nitrate and ammonia N, and BAP concentration, which was the DP concentration, were 
simulated by the Eco-Lab models. The optimal growth concentration (OGC) was the minimum 
concentration required for exponential growth at half saturation concentration for algal which 
was 0.2𝑚𝑔/𝑙 for BAP and 0.8𝑚𝑔/𝑙 for BAN (Granéli and Turner, 2006; C. Wang et al., 2016). 
The water temperature factor represented the effects from temperature on HAB growth and the 
data was simulated by MIKE 11 model which were verified using the downloaded data from 
USGS. Research showed that HAB species were expected to grow faster than harmless species 
when water temperature was over 25℃ and turn general algal blooms (GAB) into HAB (CEES, 
2020). As a result, 25℃ was used as the minimum water temperature for HAB to occur and 
water temperatures less than 25℃ would be viewed as the factor leading to potential HAB 
downstream because the water temperature was expected to be higher in the watersheds 















Table 3.1. HAB occurrence conditions classified by water temperature and bioavailable nutrient concentrations. 
𝒙 in 𝑷𝒓𝒐𝒃𝒙 HAB conditions  Water temperature Bioavailable nutrient 
concentrations 
1 Potential HAB in 
USRB  
Over 25℃ BAN and BAP 
concentrations higher than 
the OGC of HAB   




Equal to or less than 
25℃ 
BAN and BAP 
concentrations higher than 
the OGC of HAB 
3 No potential HAB 
due to limited P in 
USRB  
Any temperature BAN higher than the OGC 
of HAB while BAP lower 
than the OGC of HAB 
4 No potential HAB 
due to limited N in 
USRB 
Any temperature BAP higher than the OGC of 
HAB while BAN lower than 
the OGC of HAB 
5 No potential HAB  Any temperature BAN and BAP 
concentrations lower than 





Figure 3.3. The HAB occurrence conditions classified by water temperature, BAN, and BAP. 
The Prob𝑥 of HAB condition x (Table 3.1) will be used to represent the probabilities of the HAB 




 (Eq. 3.3) 
where 𝐷𝑥 is the number of days satisfying condition 𝑥 in the simulation period and 𝐷𝑇𝑜𝑡𝑎𝑙 is the 
total number of days in the simulation period. 
Based on the 𝑃𝑟𝑜𝑏𝑥 calculated, the scenarios with higher 𝑃𝑟𝑜𝑏1 and lower 𝑃𝑟𝑜𝑏5 are expected 
to lead to higher risk of HAB occurrence in the USRB while the scenarios with higher 𝑃𝑟𝑜𝑏2, 
𝑃𝑟𝑜𝑏3, and 𝑃𝑟𝑜𝑏4 are expected to result in higher HAB occurrence risk in the watersheds 
downstream of USRB.      
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Results and discussion  
Calibration 
The performance of MIKE ECO-Lab in simulating the P cycle was evaluated by comparing the 
daily simulated and observed DP at Fisher, Monticello, and Decatur in periods 1 to 4. Since the 
observed DP concentrations were measured by grab samples, the frequency of the observed data 
points was sparse and did not allow the computation of performance metrics. Also, as pH, 
Chemical Oxygen Demand (COD), and Dissolved Oxygen (DO) were not included in the model 
used, the DP and SEDP simulated were only expected to reflect the general level of P 
concentrations in the USRB. Considering these factors, the models were calibrated to the level 
that the daily observed and simulated DP were in the same order of magnitude and the simulated 
DP followed the general trend of the observed DP (Figure 3.4). Visual inspection of the 
calibration results (Figure 3.4) suggested that the model was able to replicate the overall 





Figure 3.4. The simulated DP concentration time series (line) and observed DP concentrations (point) at (a) Fisher at period 1; (b) 
Monticello at period 2; (c) Decatur at period 3; and (d) Decatur at period 4. 
Impacts of climate on BAP 
The impacts of the climate projections on BAP were determined by comparing the effects of the 
baseline, the wettest, and the driest climate projections on the mean BAP concentrations (Figure 
3.5a), percent of days exceeding the critical BAP concentration (Figure 3.5b), and the percent of 
four continuous days with BAP concentration over critical concentration among critical days 
(Figure 3.5c) along the main waterway of USRB. The location of three major cities along the 
river were also labeled including Fisher at around 40𝑘𝑚, Monticello at around 100𝑘𝑚, and 
Decatur around 149𝑘𝑚 draining 28%, 32%, and 40% of the USRB, respectively (Figure 3.5).  
Generally, the projected climate (wet and dry) resulted in higher BAP concentrations compared 
to the historic baseline (Figure 3.5a). The BAP concentrations at the headwater were expected to 
be higher under dry climate projection than under wet climate projection due to the lack of 
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precipitation. As river flow passed Monticello (99.6𝑘𝑚 in Figure 3.5), the extensive P load from 
surface runoff and leaching under wet climate projection resulted in higher BAP concentration 
than in the dry climate projection.  These findings indicated that BAP concentration was highly 
dependent on the hydrologic processes (surface runoff and subsurface flow) that were affected 
by the extreme climate projections.    
 
Figure 3.5. The simulated (a) mean BAP concentrations; (b) Percent of days with BAP concentration over critical concentration for algae 
growth (𝟎. 𝟐𝒎𝒈/𝒍); (c) Percent of four continuous days with BAP concentrations over critical concentration for algae growth among 
days in Figure (b). 
The number of days with BAP concentration suitable for algae growth also increased under 
climate projections and more days became suitable for algae growth as climate became drier. 
This effect was more profound upstream of Monticello due to the significantly low flow. As the 
difference in percentages was more significant than the difference in mean BAP concentrations 
between historic baseline and climate projections, more days with extreme high BAP 
concentrations were expected to happen under the extreme projections. This can be due in part to 
higher extreme precipitation expected in the projected climates than the historic baseline. 
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Downstream of Monticello, over 30% of the days under dry projection and over 40% of the days 
under wet projection were expected to be suitable for algae growth compared with around 15% 
in historic baseline. This result indicated that the general algae population was expected to be 
higher in the Upper Sangamon River downstream of Monticello under extreme climate 
projections. Additionally, not only that the BAP concentrations were more suitable for algae 
growth, but the high BAP concentrations were expected to have lasted longer than four days, the 
time needed for existing algae in the river turning into algal blooms. Around 90% of the time, the 
BAP concentrations in four consecutive days were higher than the critical for algae growth under 
dry projection. This percentage held the same downstream of Monticello under wet projection. 
This was because of the slow releasing process of BAP from sediments and the increased amount 
of sediment washed by extreme precipitation events under extreme climate projections. This 
process of BAP released by SEDP was expected to last for a long time before the river BAP 
concentrations returned to a lower value, not optimal for algae growth, and fast flowing water 
could potentially increase this process by moving BAP to the watershed downstream. The low 
velocity flow under dry projection was the main reason for the BAP concentrations to be high 
because it cannot remove enough BAP from the watershed to keep the BAP concentrations at a 
lower value. This finding indicated that compared with the HAB and GAB occurrence risk in the 
USRB from 1981 to 2015, more HAB and GAB events were expected to take place when BAP 
concentrations became critical from 2020 to 2050 under extreme climate projections. 
Furthermore, the high percentage of days with continuous high BAP concentration meant that the 
HAB events were expected to last longer if the temperature was suitable for algae growth. Once 
HAB occurred in the USRB, the events were expected to propagate downstream because of the 
continuous supply of BAP. This was expected to lead to higher risks for environmental and local 
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health because the toxins generated by algae were expected to accumulate along the river. 
Exposure to higher concentration of toxin even for a short period of time (less than one day) was 
expected to cause serious conditions to aquatic lives and public health (Codd et al., 1999; Geens 
et al., 2012; Granéli and Turner, 2006).    
Overall, BAP behaviors under extreme climate projections were expected to trigger more HAB 
and GAB events for the USRB and downstream by increasing algae population and the number 
of days where BAP concentrations are higher than the critical. This condition can be further 
exacerbated under projected drier climate.  
Effects of climate change on HAB occurrence risk 
The impacts of the different climate projections on HAB occurrence risk levels were determined 
by comparing the 𝑃𝑟𝑜𝑏𝑥 (%) from conditions 1 to 5 (Table 3.1) under the baseline climate, the 
wettest, and driest climate projections. The 𝑃𝑟𝑜𝑏𝑥 was computed in spring (Sp), summer (Su), 
fall (Fa), and winter (Wi). 
 
Figure 3.6. 𝑷𝒓𝒐𝒃𝒙 in each season (𝑺𝒑 = 𝒔𝒑𝒓𝒊𝒏𝒈; 𝑺𝒖 = 𝒔𝒖𝒎𝒎𝒆𝒓; 𝑭𝒂 = 𝑭𝒂𝒍𝒍; 𝑾𝒊 = 𝑾𝒊𝒏𝒕𝒆𝒓) under different projections. 
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In spring generally, the water temperatures were lower than 25℃ in the USRB which meant that 
HAB was not expected to happen within the watershed. However, the 𝑃𝑟𝑜𝑏2, being the 
probability that HAB was not expected to take place within the USRB due to low water 
temperature, was the highest. On the other hand, 𝑃𝑟𝑜𝑏5, which was the probability that HAB 
would not happen due to the lack of N and P, was the lowest among the four seasons. These 
results suggested that the watershed downstream was most likely to receive flow with high N and 
P concentrations from USRB which might trigger GAB or HAB downstream depending on local 
water temperature (Figure 3.6. Sp2, 3.6. Sp3). This can be due in part to the lack of soil cover 
during spring prior to the cropping season resulting in higher surface runoff and leaching. The 
increased in surface runoff and leaching was expected to increase P and N concentrations in the 
river that can result in high 𝑃𝑟𝑜𝑏2 in spring.  
In summer, the water temperature was likely to reach 25℃ increasing the probability of HAB 
occurrence in the USRB. In Figure 3.6. Sp1, the 𝑃𝑟𝑜𝑏1 was unchanged suggesting that climate 
changes were not expected to change HAB occurrence risks from 2020 to 2050. This trend was 
due to the droughts in summer under extreme climate changes (Paerl and Otten, 2013). While the 
extreme precipitation events still existed making the 𝑃𝑟𝑜𝑏1 the same as historic baseline, drier 
summer would lead to less N and P loss via surface runoff and leaching. Among N and P, N is 
more soluble than P which meant more sensitive to droughts. This translated to a higher 𝑃𝑟𝑜𝑏3 
in the baseline than dry and wet projections indicating the historic baseline had more days with 
high N concentration than extreme projections.      
In fall, the water temperatures were not expected to exceed 25℃ resulting in HAB not likely to 
take place in the USRB. The 𝑃𝑟𝑜𝑏2 of historic baseline was the same as the 𝑃𝑟𝑜𝑏2 under wet 
climate projection and higher than dry climate projection (Figure 3.6. Fa2). This result indicated 
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that dry climate was expected to lower the GAB and HAB occurrence risk than wet projection in 
fall due to reduce precipitation and hence lower surface runoff and leaching. Under wet 
projection, however, the extensive amount of precipitation was expected to generate high surface 
runoff and leaching with high N and P concentrations even with crop covers. 
HAB was not expected to occur in the winter due to low water temperature. The high 𝑃𝑟𝑜𝑏2 in 
Figure Wi2 was due mostly from the high precipitation in late winter and early spring along with 
the melting snow (A. Botero-Acosta et al., 2019). As snow was not expected to generate 
significant surface runoff in winter, the lower surface runoff from soil significantly decreased the 
N and P concentrations in river which made the 𝑃𝑟𝑜𝑏5 highest among all four seasons (Figure 
3.6. Wi5). 
Overall, HAB occurrence risk was not expected to be high in the USRB mainly because of the 
low water temperature. The dry climate projection was expected to increase GAB occurrence 
risk at the headwater if temperatures were suitable and wet climate was expected to increase the 
GAB or HAB occurrence risk for the watershed downstream. Our results showed that the 𝑃𝑟𝑜𝑏3 
remained high under all extreme climate scenarios and 𝑃𝑟𝑜𝑏4 were mostly zero. This finding 
indicated that the USRB was still a P-limited watershed when generating algal blooms even with 
the sewage treatment plant in the USRB. It can be recalled the USRB is one of the most P-
contaminated watersheds in Illinois in which the P yield from the sewage plant was twice as high 
as the agricultural NPS (David et al., 2014). This conclusion proved that most freshwater 
watersheds in the U.S. were expected to be P-limited in generating algal blooms and focusing on 
P reduction is essential in freshwater watershed in decreasing HAB and GAB occurrence risk. 
This can be because the N fertilizer application rates were much higher than P rates and most of 
the watershed in Illinois were highly cultivated with corn which is a high N-demanding crop.             
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Effects of N and P fertilizer application rate reduction on HAB occurrence risk 
The impacts of reducing N and P fertilizer application rate on HAB occurrence risk levels were 
determined by comparing the changes in 𝑃𝑟𝑜𝑏1 and 𝑃𝑟𝑜𝑏5 of the N or P fertilizer reduction 
scenarios from historic baseline under the wettest and driest climate projection (Figure 3.7). 
Generally, applying N or P fertilizer application rates by 50% separately was expected to offset 
all the negative effects in generating HAB or GAB under wet projection in summer, fall, and 
winter because the crop cover along with reduced application rates would significantly decrease 
the days with critical P or N concentrations. Under dry projection, the reduction was expected to 
be more significant because surface runoff was much less and crop cover can protect the soil 
from extreme precipitation events. In spring, the effectiveness of reducing N or P was limited 
because the extreme precipitation events under climate projections and snow melting were the 
main causes for the days with high N and P concentrations (Paerl et al., 2016; Paerl and Otten, 
2013). The N or P concentrations during those events were usually more than 200% of the 
critical concentration of 0.2𝑚𝑔/𝑙 for BAP and 0.8𝑚𝑔/𝑙 for BAN (Granéli and Turner, 2006; C. 
Wang et al., 2016). By only reducing N or P fertilizer application rates by 50% were not 
expected to offset the negative effects from extreme climates.      
 
Figure 3.7. 𝑷𝒓𝒐𝒃𝒙 changes of 50% less N or P fertilizer application rates (projected) land management scenarios in each season (𝑺𝒑 =
𝒔𝒑𝒓𝒊𝒏𝒈; 𝑺𝒖 = 𝒔𝒖𝒎𝒎𝒆𝒓; 𝑭𝒂 = 𝑭𝒂𝒍𝒍; 𝑾𝒊 = 𝑾𝒊𝒏𝒕𝒆𝒓) under different projections from historic baseline. 
82 
 
Between N and P, P was expected to be more effective in reducing HAB or GAB occurrence risk 
in the USRB because P was the limited factor in this watershed. However, the effectiveness was 
not as important as expected since the main source of P in the USRB was from point sources. 
Reducing N, on the other hand, was expected to be more effective in helping control HAB 
occurrence risk downstream because high N or P concentration from upstream watersheds was 
expected to fuel HAB in downstream watersheds (Beman et al., 2005).  
The combined N and P reduced application rates scenario, however, did not provide any 
significantly impacts on 𝑃𝑟𝑜𝑏1 or 𝑃𝑟𝑜𝑏5 from the scenario with only one type of fertilizer 
reduced. Generally, the changes brought by adopting reduced rates of the other type of fertilizer 
after one was reduced were less than 1% and all proved to be not significant because most peaks 
in N and P were simultaneous and surface runoff and drainage flow were both the main path for 
BAP and BAN. The only difference was from the slow releasing of DP from SEDP which 
accounted for the less than 1% changes in 𝑃𝑟𝑜𝑏1 or 𝑃𝑟𝑜𝑏5. In addition, more than half of the 
BAP in the USRB was from point source which meant less related with sediments in the first 
place because the point-source P load was DP.        
Overall, reducing one type of fertilizer by 50% was expected to cancel the negative effects on 
HAB from extreme climate projection in summer, fall, and winter but could not offset extreme 
climates in spring. The cancellation effects were expected to become more significant when 
climate became drier. Regulating N or P fertilizer application rates was expected to increase 
𝑃𝑟𝑜𝑏5 when BAN and BAP were under the OGC. The findings also indicated that regulating P 
was expected to be more effective in reducing HAB occurrence risk in the USRB while 




The impacts of extreme climate projection and reducing fertilizer application rates on BAP 
behaviors and HAB occurrence risk level for an intensively managed watershed and downstream 
was simulated using fully distributed physical-based hydrologic and transport models MIKE 
SHE/11. Considering BAP, more HAB and GAB events would be triggered for both the USRB 
and its downstream watersheds due to the increased algae population and longer duration of high 
BAP occurrence if land managements were kept unchanged from 2020 to 2050 as they were 
from 1978 to 2015. If temperature was considered, the HAB occurrence risk was not expected to 
be high in the USRB because of the low water temperature. However, as the N and P 
concentrations became higher than OGC under wet climate projection, higher HAB occurrence 
risk is expected downstream side of the USRB due to excessive nutrient loadings. When climate 
became drier, the HAB occurrence risk was expected to become lower generally but the extreme 
precipitation events would still generate possible HAB events. Reducing N or P application rates 
by 50% was found to be effective in offsetting the negative effects of HAB occurrence from 
extreme climate projections apart from spring. However, regulating the other species of fertilizer 
after one was not going to change HAB occurrence risk significantly due to the similar behaviors 
of BAP and BAN during extreme precipitation events. Within P and N, regulating P was more 
effective in reducing HAB occurrence risks in the USRB while regulating N was more effective 
in controlling HAB downstream. However, these scenarios required government intervention to 
regulate fertilizer application during planting seasons and subsidies to maintain the income of 
farmers which should also be considered by decision-makers.     
Our results suggested that P was still the limiting nutrient despite an important P point-source in 
the USRB. In cases like this, land management practices focusing on P reduction should be 
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adopted when HAB or GAB occurrences are a concern. Furthermore, more attention should be 
given during Spring in reducing N and P load in the USRB and possible nutrient reduction 
practices should be implemented to the downstream watersheds to prevent HAB from lasting 
longer. The modelling framework developed using MIKE SHE/11 could also be applied to the 
other watershed to predict and assess the HAB level under other climate projections and field-
level land management practices with high temporal resolution. Furthermore, understanding the 
dynamics of N and P in causing the occurrence of HAB was expected to improve the mitigation 
measures that we implement at the field level. By being able to simulate field level processes, we 
can provide better decision-making guidelines that commence at the farms towards the national 





Three studies on agricultural nutrients NPS, including nitrogen (N) and phosphorus (P), were 
simulated and analyzed under different climate projections and land management practices using 
physically based models. The research tasks developed in this study led to a better understanding 
of how agricultural nutrients NPS and related environmental issues were impacted by natural and 
anthropogenic changes such as climate and land management practices. Chapter 1 evaluated the 
effects of different land management practices on N load in surface runoff under future climate 
projections at the filed scale level. The combinations of land management practices were also 
evaluated to determine those that can increase productivity with minimal negative impacts on the 
environment. Moreover, this study developed a methodology to identify areas most vulnerable to 
generate N load in surface runoff and to target specific management to these areas. Our results 
also confirmed that fertilizer application rate was the most critical factor in determining both the 
amount and the probability of high N load. To address this issue, a target application 
management approach was developed to customize land management practices at the field scale 
level to reduce the amount and probability of high N load. In the second chapter, the impacts of 
the different management practices on the fate and transport of nitrate, nitrite, and ammonia N in 
an intensively managed watershed was simulated using fully distributed physical-based 
hydrologic and transport models. Understanding the fate and transport of N in the surface and 
subsurface domains and their responses to different management and climate regimes can help us 
formulate the best strategies to reach targeted Nutrient reduction. Similarly, understanding how 
N transforms into its different components and their subsequent fate in the surface and 
subsurface zone can help formulate focused adaptation and timely mitigation strategies. With N 
fate and transport simulated in the second chapter, the third chapter focused on the harmful algal 
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bloom (HAB) occurrence risk level related with extensive amount of N and P load in the river. 
The impacts of extreme climate projection and reducing fertilizer application rates on 
bioavailable phosphorus (BAP) behaviors and HAB occurrence risk level for an intensively 
managed watershed and downstream was also simulated using fully distributed physical-based 
hydrologic and transport models MIKE SHE/11. Our results suggested that P was still the 
limiting nutrient despite an important P point-source in the Upper Sangamon River Basin 
(USRB). In cases like this, land management practices focusing on P reduction should be 
adopted when HAB or general algal bloom (GAB) occurrences are a concern. Understanding the 
dynamics of N and P in causing the occurrence of HAB was expected to improve the mitigation 
measures that we implement at the field level.  
With the improved understanding of the relationship between agricultural nutrients NPS and 
natural and anthropogenic stressors, more specific and effective land management practices 
targeting the reduction of agricultural nutrients NPS could be applied based on different climate 
and natural environment characteristics. Furthermore, this study also developed two modelling 
frameworks focusing on simulating the different agricultural nutrients NPS considering the field 
level processes. These frameworks can provide a better platform in evaluating the effectiveness 
of different land management practices in reducing agricultural nutrients NPS. Overall, my 
research enabled other researchers and decision makers to assess environmental issues risks and 
compare the tradeoffs between the welfare of agro-ecosystems and economic benefits using 
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APPENDIX: SUPPLEMENTAL TABLES AND FIGURES 
Table A.1. Adapted corn-soybean crop rotation with cover crop for cells with corn and soybean land use 
Original Land Use/Management Updated land management 
(spring » summer/fall » winter) 
Corn Oats/Radish » Corn » Cereal Rye 





Table A.2. Scenarios simulating the impacts of reduced fertilizer application rates and cover cropping in combination with crop rotation 
under historic and future climate.  








wetb, and dryb) 
Baseline A Baseline No Historic 
Baseline B Baseline No Wet 
Baseline C Baseline No Dry 
Regulated A Regulated No Historic 
Regulated B Regulated No Wet 
Regulated C Regulated No Dry 
Updated A Baseline Yes Historic 
Updated B Baseline Yes Wet 
Updated C Baseline Yes Dry 
Combined A Regulated Yes Historic 
Combined B Regulated Yes Wet 
Combined C Regulated Yes Dry 
a The simulation period is from 1981 to 2015 . 




Table A.3. Calibrated reaction constants, k, in the MIKE ECO-Lab model in the different compartments 










Nitrate decay rate 
(𝐤𝐄𝐪.𝟐.𝟏 + 𝐤𝐄𝐪.𝟐.𝟐 ) 
0.00015 0.0005 0.0001 0-0.12 
Nitrite decay rate 
(𝐤𝐄𝐪.𝟐.𝟑 + 𝐤𝐄𝐪.𝟐.𝟒 ) 




0.005 0.005 0.005 0-0.23 
Reaction constant 
from ammonia to 
nitrite (𝐤𝐄𝐪.𝟐.𝟕) 
0.005 0.005 0.005 0-1.15 
Reaction constant 
from nitrite to 
nitrate (𝐤𝐄𝐪.𝟐.𝟖) 
0.04 0.04 0.03 0-88.8 
Reaction constant 
from nitrate to 
nitrite (𝐤𝐄𝐪.𝟐.𝟗) 
0.05 0.01 0.1 0-0.23 
Reaction constant 
from nitrite to 
ammonia (𝐤𝐄𝐪.𝟐.𝟏𝟎) 
0.5 0.4 0.5 0-88.8 
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Table A.4. Probability of nitrate N concentration exceeding EPA limits under different climate projections at Monticello under historic 
land use. 
Scenario Probability of nitrate N exceeding EPA limits (10 ppm) 
Jan Feb Mar Apr May Jun 
Baseline A 0% 0% 0% <1% 2% 0% 
Baseline B 0% <1% <1% 10% 6% <1% 
Baseline C 14% 15% 26% 50% 37% 5% 
 Jul Aug Sep Oct Nov Dec 
Baseline A 0% 0% 2% 5% 9% 5% 
Baseline B <1% 0% 0% 6% 9% 5% 






Figure A.1. Observed and simulated nitrite N at four different periods and stations: (a) Period 1 at Monticello; (b) Period 2 at 





Figure A.2. Observed and simulated ammonia N at three different periods: (a) Period 1 at Monticello; (b) Period 2 at Monticello; and (c) 






Figure A.3. The changes in flow and nitrate concentration from baseline when applying cover cropping under (a) dry projection, (b) wet 
projection from November to April, and (3) wet projection from May to October. 
 
 
 
 
 
